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Abstract

According to Cotton Australia, energy costs in the cotton industry have increased by 350% from
2000 to 2014. Energy (electricity and diesel) costs for Australian cotton growers are expected
to continue to increase by 2.9-7.2% annually until 2040. Diesel fuel provides at least 90% of
the direct energy harnessed in farms. On average, irrigation accounts for 50-75% of the total
direct energy consumption on-farm. An increasing number of alternative irrigation systems,
for example, centre pivots and lateral move systems, in the future are expected to lead to
highly significant energy costs associated with water pumping and machine operation. On the
other hand, the costs of renewable energy continue to decrease, providing cotton growers with
another option for energy supply. Renewable energy can be used to design the corresponding
microgrids to irrigate cotton farms. The designed renewable microgrids can reduce these cotton
farms’ energy consumption costs and greenhouse gas emissions. This study aims to develop
tailor-made renewable power planning and energy management plans for cotton-farm microgrids
to secure power supply and reduce energy costs. In addition, we seek to optimize the microgrid’s
operation considering the uncertainty of environmental and demand factors on cotton farms to

achieve cost savings for cotton stakeholders.

In this thesis, the first part presents an optimization model for cotton farm microgrid design,
which explores available renewable energy sources (RESs) and energy storage options to ensure
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a reliable power supply for cotton farms. By using the RES power supply, renewable energy is
optimally utilized to satisfy the seasonal load demand, and the grid power is used as a backup
power source. The objectives of optimization include investment cost, operating cost, and a
simple payback period. A case study is undertaken using historical energy consumption data
from a cotton farm in Gunnedah, New South Wales, to verify the applicability of the proposed

approach.

The second part of this study presents a model predictive control (MPC) approach to the above
designed cotton farm microgrid to minimize the water pumping operational cost while taking
full advantage of renewable energy sources. The reason for using MPC is its ability to handle
noise, disturbance, and real-time parameter changes. Microgrids at two different cotton farms

are used for case studies to validate the proposed MPC methodology.

The third part of this study addresses the problem of optimizing cotton farm operating costs
under uncertainties. An MPC approach is adopted to maximize the usage of renewable en-
ergy and minimize the overall water pumping cost during the cotton growth and irrigation
period. To deal with the uncertainties in renewable generation, water demand, precipitation
and evaporation, the operation problem of the cotton farm pumping system is formulated as
a stochastic MPC problem to cater to real-time changes in uncertain weather conditions and
irrigation demand. Static and dynamic scenario generation-reduction techniques are applied
to obtain typical scenarios and the corresponding probabilities, which are further applied to

formulate the stochastic optimization problem to deal with uncertainties.
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Chapter 1

Introduction

1.1 Background of cotton farm and microgrid

The cotton industry is one of Australia’s largest export earners in rural areas and
provides thousands of job opportunities in Australia [1]|. In 2019, more than 10,000
people were employed on Australian cotton farms, and cotton growers reported

that they spent 93% of their business expenses in [2].

However, cotton cultivation is an energy-intensive industry, and the international
cotton market is highly competitive and transparent. Therefore, the continuously
rising energy cost has become a critical barrier to the cotton industry’s devel-
opment. In addition, conventional energy sources are unsustainable. In the last

couple of decades, the prices of fossil fuel and electric grid energy have continued
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to rise, which is the main reason for the rising costs of cotton products.

On the other hand, renewable energy is recognized as a cost-effective source of
power generation. Renewable energy sources (RESs), such as solar, wind, and
biomass, have the advantages of abundant forms of energy, less emission, low
maintenance cost and lower ecological impact, Thus, they have increasingly been
used in rural areas. Furthermore, renewable energy technology is more and more
mature, and the investment cost is continuously reducing. As a result, the de-
mand for photovoltaic (PV) and battery storage installation in Australia is also
increasing. The number of microgrid (MG) systems composed of RESs, energy
storage units and traditional energy sources is increasing in the Australian agri-
culture sector and has brought enormous benefits to agricultural development [1].
There are a number of initiatives in Australia to promote the use of MGs in the
cotton farming industry. For example, the Cotton Research and Development
Corporation (CRDC) has supported a number of projects focused on the deploy-
ment of MGs in the cotton industry. These projects have aimed to demonstrate
the feasibility and benefits of MGs in the context of Australian agriculture, with

the goal of encouraging wider adoption of MG technology.

In order to take advantage of these abundant natural resources, proper planning

is essential for ensuring the sustainability of a cotton farm MG, and can help to
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maximize the benefits of the technology for the cotton farm owners. However,
the energy consumption of cotton irrigation is different from residential electricity
consumption, as irrigation demand is not constant and occurs seasonally. Irriga-
tion must match the growth period of cotton. In other words, this study needs to
design a properly sized MG for cotton farms. Too large an MG will increase cap-
ital costs, while too small an MG will not help reduce operating costs. Therefore,
it is essential to find an optimal size for the MG to accommodate the seasonal
and high-power demands of cotton farm irrigation pumps. In addition, during the
non-irrigation period, the reasonable use of excess energy to shorten the payback

period also needs to be considered.

Although the MG can be equipped with renewable generations to reduce the fossil
fuel-based energy cost, the overall MG must be properly operated in order to save
more energy costs whilst meeting the cotton farm load demand. Furthermore,
when the RES-based MG is properly operated, the RES can be used more effi-
ciently, and more operating costs can be saved. The traditional irrigation method
of most Australian cotton farmers is to pump groundwater or river water into a
turkey nest dam and then use gravity (siphon) to flood irrigation into the cotton
field [3]. The traditional operation of pumping water to the dam is based on

the farmer’s experience, which varies a lot from one person to another. There-
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fore, the unit irrigation energy costs of different cotton farms are also different.
When renewable energy-based MGs are built for these cotton farms, optimized
MG operation will reduce the unit irrigation energy cost significantly. A variety
of optimized operation technologies have been adopted to solve energy dispatch
problems in order to save operating costs. To further reduce operating costs, ad-

vanced operation technologies are often required to properly operate the cotton

farm MG.

Model predictive control (MPC) is a control technique that is used to optimize
the operation of a system [4]. MPC can also be used to optimize the operation
of the MG by properly dispatching controllable energy sources. MPC has several
advantages over traditional control methods, including its ability to handle com-
plex systems and constraints, and its ability to anticipate and react to changing

conditions and disturbances.

There are also uncertainty issues to be considered in the optimal operation strate-
gies of the cotton farm MG. A number of sources of uncertainty can affect the
operation of cotton farms’ irrigation systems, such as weather conditions, wa-
ter demand for crop growth, and intermittent RES output. These uncertainties
can make it difficult to predict irrigation needs accurately and optimize pump

operation strategies. So, how to optimally operate the cotton farm MG given
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various uncertainties coming from PV generation, rainwater, and irrigation de-
mand is a challenging question. Scenario-based MPC is a control strategy that
involves considering multiple possible future scenarios and choosing the control
action that is optimal for the most likely scenarios. [5]. In scenario-based MPC,
the prediction is based on multiple possible future scenarios, rather than a single
scenario. The control action is chosen to be optimized based on the occurrence
probabilities of each scenario. By considering a range of possible scenarios, the
controller can adapt to changes in the system and provide robust performance
under uncertainties. Scenario-based MPC also can optimize the control action
over a longer time horizon to improve system performance. Thus, scenario-based
MPC can be applied in cotton farm MG systems to improve the performance of

MG under uncertain scenarios.

1.2 Research objectives and overview

This thesis aims to optimally design and operate an MG with renewable energy
sources (e.g., PV, wind turbine, and/or battery storage system) in order to save
energy costs and utilize renewable energy for sustainability and environmental

protection purposes in Australia cotton farms.

The specific research objectives of this thesis are:
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1. Optimally design an MG by integrating renewable energy resources to satisfy
farmers’ irrigation needs while keep investment and payback period mini-

muin.

2. Apply the MPC approach to build a cost-minimization model for the above
designed cotton farm MG under both the grid-connected and islanded op-
eration modes, taking into account water irrigation needs, renewable energy

sources, and grid feed-in tariff.

3. Propose static and dynamic scenario-based uncertainty models and apply
the scenario generation and reduction techniques to minimize the operation

cost of a cotton farm MG under uncertainties during an irrigation period.

1.3 Thesis organization

Chapter 2 provides a comprehensive review of the literature relevant to the overall
aim. This includes different aspects related to the irrigation energy for cotton
farms, optimal MG investment design and operation, MPC-based operation, and

MG operation under uncertainty.

Chapter 3 solves the optimization problem of the cotton farm RESs planning.

An irrigation pump model is presented for a cotton farm that is grid-connected.
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A multi-objective methodology is designed to minimize the operational cost, the

investment cost, and the payback period of a grid-connected MG.

This chapter leads to the following publications:

e Y. Lin, J. Wang, J. Zhang, et al., “Optimal Investment Decision for Cot-
ton Farm Microgrid Design,” in 2021 315 Australasian Universities Power
Engineering Conference (AUPEC), Perth, Australia, IEEE, 2021, pp. 1-6.

doi:10.1109/AUPEC52110.2021.9597703

e Y. Lin, J. Wang, J. Zhang, et al., “Microgrid Optimal Investment Design
for Cotton Farms in Australia,” International Journal of Energy and Power

Engineering, 2022, (1% round review)

Chapter 4 proposes an MPC approach to operating a cotton farm MG to efficiently
utilize RESs and achieve the minimal operational cost of irrigation pumps. Dis-
turbance from evaporation, seepage and rain is studied to illustrate the robustness
of the MPC approach. MGs at two different cotton farms are used for case studies

to validate the proposed MPC methodology.

This chapter leads to the following publications:

e Y. Lin, J. Zhang, and L. Li, “A Model Predictive Control for Cotton Farm Mi-



crogrid Systems in Australia,” in 2021 3150 Australasian Universities Power

Engineering Conference (AUPEC), Perth, Australia, IEEE, 2021, pp. 1-6

e Y. Lin, J. Zhang, and L. Li, “A Model Predictive Control Approach to a
Water Pumping System in an Australian Cotton Farm Microgrid,” Cleaner

Energy Systems, vol. 3, p. 100 026, 2022

Chapter 5 presents a scenario-based MPC approach to minimize the operational
cost of a cotton farm MG under uncertainties. To deal with the uncertainties
in renewable generation, water demand, precipitation and evaporation, scenario
generation and reduction techniques are applied to obtain typical scenarios with
their probability. Then an MPC approach is adopted based on the obtained
static and dynamic scenarios to cater for real-time changes in uncertain weather

conditions and irrigation demand.

This chapter leads to the following publications:

e Y. Lin, J. Zhang, L. Li, et al., “A Model Predictive Control Approach for
Cotton Farm Microgrid Operation Under Uncertainties,” in 2022 32"¢ Aus-

tralasian Universities Power Engineering Conference (AUPEC), Adelaide,

Australia, IEEE, 2022, pp. 1-6

e Y. Lin, L. Li, J. Zhang, et al., “A Scenario-based Stochastic Model Predictive
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Control Approach for Microgrid Operation at an Australian Cotton Farm

Under Uncertainties,” Energy, 2022, (Under Review)

Finally, Chapter 6 summarises the results and implications of this thesis and

provides recommended directions for future studies.
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Chapter 2

Literature Review

This chapter presents the literature review on the relevant background, optimal

MG planning, and MG operation.

2.1 Cotton industry in Australia

Cotton is one of Australia’s largest rural exporters and helps support the devel-
opment of more than 152 rural communities [6]. In Australia, 77% of the cotton
harvest was irrigated in 2016,/2017, while the remaining 23% solely relied on rain-
fall [7]. Most cotton farms are located in Southern, Central, and North-Western
NSW and Central and Southern Queensland, as cotton plants usually grow in
zones with summer rainfall of 400-800 mm. Therefore, the traditional Australian

cotton industry base is located between 45 degrees north latitude and 32 degrees
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south latitude [6]. Cotton growers adopt conventional irrigation patterns to irri-
gate plants during their growing seasons. Fig. 2.1 shows the areas where cotton

farms are concentrated in Australia.

d
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Figure 2.1: Concentrated irrigation map of Australian cotton farms (source from Google map)

(6]

2.2 Energy use in the cotton industry

Cotton cultivation is a highly mechanized and high-energy input industry that
relies on electrical power, diesel, fertilizers, and water. The CRDC has launched
projects to meet the energy challenges of cotton production. On-farm direct
energy use means energy is directly consumed on a cotton farm, and the sources

include electricity, diesel, gas or liquefied petroleum gas, etc [8]. In the entire life
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cycle of cotton growing, on-farm direct energy accounts for approximately 10% of
the total energy consumption by cotton plantations. Of all sources, pumping water
contributes to approximately 50%-75% of all on-farm direct energy consumption
[8], which comprises a significant portion of cotton farm costs, whereas adopting
renewable energy systems can bring more savings. Fig. 2.2 shows the itemized

average energy use percentage per hectare at cotton farms.

1.2 GJ, 13.80% 0.9GJ, 10.30%

~0.12GJ, 1.40%
1.2 GJ, 13.80%
M Soil preparation

H Plant establishment
i Pumping irrigation
0.47 GJ, 5.40% H In-field and in-season
M Equipment maintenance
i Harvest

0.41GJ, 4.70%._ H Post harvest

4.4 GJ, 50.60%

Figure 2.2: Direct on-farm energy usage components and percentage [9]

The chart above shows that 50.6% of the total energy is consumed by irrigation,
whereas cotton farming practices before and after harvesting account only for
27.6% of energy consumption on average. The remaining farming processes for
soil preparation, plant establishment, in-field pest spraying, in-season cultivation,
and equipment maintenance account for 21.8% of the total energy consumption.
Table 2.1 breaks down the individual components pertaining to average annual

energy cost by energy source type for on-farm irrigation processes.
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Table 2.1: Average annual irrigation energy cost breakdown by diesel and electricity energy [8],

[10]

Diesel Electricity
Percentage of pumping irrigation 73% 27%
Energy usage (per 10 m?) 3.2445 (GJ) 1.1755 (GJ)
Conversion factor from per

0.0386 (GJ/L) 0.0036 (GJ/kWh)

unit energy source to GJ
Consumed volume (per 10* m?) 83.5364 (L) 326.527 (kWh)
Unit price 1.5 (AU$/L) 0.26 (AU$/kWh)
Total cost 125.3 (AU$/10* m2) 84.9 (AU$/10* m?)

Cotton farmers are interested in MG investments for better revenue. In order
to reduce the energy cost of the irrigation system, many studies have proposed
different methods for retrofitting and optimizing the existing power systems and

energy sources at the farms. Examples of these methods are listed as follows:

e In terms of improving water utilisation from the perspective of horticulture,
an early work [11] proposes a method to schedule irrigation and increase
water-use efficiency. Ref. [12] adopts the Monolayer method to reduce water
evaporation. Technical and practical suggestions are proposed in [13] to im-
prove irrigation efficiency, increase farm profits, and minimize environmental

impacts through irrigation management; and
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e Water pump performance improvement is also a significant factor in saving
operational costs. Water pump overhaul or retrofit is a method to improve
pump efficiency. A significant energy saving could be achieved when water
pumps are appropriately operated [14]. Variable speed drives (VSDs) are an
important energy-saving device for water pumps, which provide a variety of
speeds so that the pumps can work at optimal rates [15]. Installing power
factor correction devices can help electric pumps utilize energy efficiently and

reduce maximum demand charges for the pumping system [16].

In addition, there are several traditional ways to save energy, such as establishing
a reservoir or dam to manage irrigation [17] so that energy can be saved by
pumping water to these storage facilities at cheap electricity tariff periods. Ref.
[18] provides details to minimize evaporation and seepage and thus reduce the
cost of water loss. Alternative irrigation systems adopt recent technologies, such
as lateral move, centre-pivot irrigation systems and drip technology. They are

used to save energy and improve water-use efficiency [19]-[21].

2.3 Optimal microgrid investment design for cotton farms

To optimally design cotton farm MGs, there have been many different approaches

and methods in the literature which maximize the economic and social benefits of
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MGs. In recent decades, RES planning optimization techniques have been widely
adopted in agriculture; for example, advanced solar PV technology is applied
taking advantage of grid connection and feed-in tariffs to achieve more incen-
tives for cotton farms [22|. Ref. [23| proposes a hybrid power system combining
solar, wind, and biomass technologies. This hybrid system is designed using a
multi-objective optimization model to consider energy demand and renewable en-
ergy resource availability [23]. A methodology for determining the size of energy
storage systems in standalone MGs is proposed in [24]. In [25], a sizing method-
ology using the non-dominated sorting genetic algorithm is developed to optimize
for multiple objectives in the design of an autonomous MG for a rural area in
Mali, and the results are the trade-off among renewable energy integration, sys-
tem reliability, and operational cost. Furthermore, a PV-pumped hydro storage
MG is designed in [26] by considering lifetime benefit and payback period in the
economic feasibility study of MGs. The Emerald cotton farm’s RES in Queens-
land, Australia, is analyzed in [27]. An MG is designed for this farm considering
economic feasibility under a RES, and the cost savings are calculated using the
HOMER software. Ref. [28] conducts an investment analysis of solar energy in a
hybrid diesel irrigation pumping system in New South Wales, Australia, where the
economic feasibility of incorporating solar energy and potential cost savings are
studied. Table 2.2 summarizes the related literature on the optimal investment
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design methodologies of hybrid renewable energy sources.

From these existing designs, it is noted that current research focuses on grid-
connected microgrids (GMGs) and islanded microgrids (IMGs) with renewable
energy resources, while the seasonal loads and intermittent nature of renewable
power are not discussed for the particular MG design in cotton farms. Targeting
these problems, Chapter 3 proposes a new MG design method for cotton farms
considering the seasonal usage of water pumps and the intermittent solar and
wind energy sources. The MG components will be chosen from PV, WT, and
battery storage, and the MG will be connected to the utility grid to provide
additional power support. The properly sized battery storage plays an essential
role in peak demand management, RES power absorption, and load management

under a time-varying feed-in tariff (FIT).

2.4 Optimal microgrid operation for cotton farms

Based on the aforementioned study, appropriate investment in MG can help cot-
ton farm owners reduce their operational costs. However, only investing in the
RESs of the MG cannot achieve the most savings in energy costs. MG control
and operation are important in saving energy costs as well. When the hybrid

renewable energy system is combined with optimal operation technology, the re-
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Table 2.2: Microgrid planning methodologies of hybrid renewable energy sources

Microgrid components Target of study Novelty and contributions Microgrid type | Reference
A hybrid power system is simulated; all the
parts of the hybrid system are designed.
PV-Wind-Battery Rural energy of South Africa Islanded [29]
The system controller is applied to different
scenarios.
An approach is proposed for optimal hybrid
Minimizing hybrid power system
power systems, and the genetic algorithm
PV-Wind-Battery-Diesel Generator | investment costs in general Islanded [30]
(GA) method is employed to solve the
remote areas
optimization problem.
A GA approach is used to solve the
Optimization of energy farm
Grid-connected | [31]

PV-Wind-Battery-Ultra Capacitor

sizing in Key West, Florida

optimization model for a hybrid

energy system design for a farm MG
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Microgrid components Target of study Novelty and contributions Microgrid type | Reference
A hybrid power system model is built,
Renewable energy source and an
Diesel Generator-PV-Wind-Battery and then the HOMER software is used
assumed load simulation in Jntuk Islanded [32]
-Converter with the metrological data to solve the
Vizianagram campus
optimization problem.
A techno-economic analysis is
Hybrid power system for rural
presented for a hybrid energy source
PV-Wind-Battery- mobile base transceiver station
for a rural area telecommunication Islanded [33]
Diesel Generator at Doka-Sharia of Kaduna state,
mobile-base station, and HOMER is
Nigeria
used to compare two configurations.
Optimal models for a islanded MG
Performance comparison of and grid-connection MG are
PV-Wind-Battery-
lithium-ion and lead-acid battery in | designed through HOMER software. both [34]

Diesel Generator

different micro-grid scenarios

Four different configuration scenarios

are compared.




Microgrid components Target of study Novelty and contributions Microgrid type | Reference
HOMER software is adopted
to simulate the hybrid system
Diesel Generator-PV-Wind | Rural family’s energy usage
configuration, and the renewable Islanded [35]
-Battery in Sri Lanka
energy size for investment is
discussed.
A sizing tool for a renewable energy An empirical approach is
PV-Wind-Battery-
and a case study at Bishopton village employed for a hybrid Islanded [36]
Diesel Generator
in Scotland energy system.
An MG sizing optimization approach
The simulated annealing algorithm is utilized
PV-Wind-Battery Islanded [37]

for a PV /wind integrated hybrid energy

system with battery storage

to obtain an optimum size.
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Microgrid components Target of study Novelty and contributions Microgrid type | Reference
Multi-objective particle swarm optimization
algorithm is adopted to obtain the optimal
Micro Turbine-PV-Wind | Multi-objective energy _
configuration of MG components. Grid-connected | [38]
-Battery-Grid management of an MG
The emission reduction value and new operating
cost can be calculated by this algorithm.
The hybrid energy sources are integrated
based on unutilized energy probability,
' A renewable system to match
PV-Wind-Battery relative excess power generated, Islanded [39]
the distribution load
deficiency of power supply probability, life
cycle cost and life cycle unit cost.
A smart integrated renewable energy system
Rural community’smrenewable
PV-Wind-Hydro-Biogas is presented which includes multiple
Islanded [40]

Energy Storage

energy source utilization in

developing countries

objectives of rural area energization.

GA is used for the RES sizing optimization.




newable energy source can be used more efficiently, and more operating costs
can be saved. Once the MG planning investment model is established, optimized

operation plays an important role in the energy-saving irrigation of cotton farms.

2.4.1 Optimal microgrid operation methodologies

In [41], a multi-agent method for MG system operation is proposed, and a model
including several load agents, generator agents, and a single MG control agent is
established. Ref. [42] builds a grid-connected DC MG model and also develops
a practical lithium-ion battery degradation cost model with network constraints
in order to optimize the battery scheduling of the MG. A method for rule-based
operating strategies is proposed in [43], which operates the system with different
operating parameters to maximize the system’s self-sufficiency and net present
value. The work [44]| proposes an optimal pump size model for a grid-connected
pump system and designs a closed-loop control operation model for the pump
system to reduce energy costs and improve energy efficiency. The model proposed
in [45] is embedded in the day-ahead energy management program of MG, and an
optimal operation plan by minimizing the daily operational cost is evaluated to
meet the power demand and thermal comfort requirements. In [46], different types
of demand response programs (DRP) are modelled based on the price elasticity of

demand and customer benefits, and renewable energy (wind and solar) operation
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is simulated to study the impact of intermittent distributed generation devices.
For decades, the predictive control technology has been used in many fields (e.g.,
improving transient stability performance of power systems [47], energy cost re-
duction of a building hybrid heating system [48], and control systems of nonlinear
chemical reactors [49]. However, the above methodologies focus mainly on MG
operations in residential or industrial areas, and the limited MG operation studies
for the agriculture area focus only on improving equipment efficiency and reduc-
ing the water storage loss for the operational cost reduction. There are only very
limited studies for optimizing the operation of MG systems in rural Australia to
improve the operation efficiency of farm energy systems. The cotton farm MG
is very different from the ordinary MG because it needs to consider the complex
water demand during the cotton growth period. For example, water requirements
can vary significantly during specific growing periods. In addition, the amount
of irrigation water, evaporation and precipitation of the reservoir also need to be
considered. In the operation of MGs, control methods can be very helpful. Gen-
eral control techniques are still popular, such as proportional-integral-derivative
(PID) controls [50]-[54]. However, they are being replaced by MPC because of
their reliability and stability in handling uncertainties [55]-[59]. Therefore, it is
necessary to investigate if MPC can be applied in the operation of cotton farm
MGs.
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2.4.2 Operating principle of MPC

The basic idea of MPC is to build a predictive model, use a cost function to rep-
resent the behaviour required by the system, and minimize the cost function to
generate actual control commands [60]. The main advantage lies in the feedback
nature of MPC. In the MPC process, an optimal control problem is solved repeat-
edly over a moving finite prediction horizon, and only the first control element is
executed after each iteration. In the next sampling interval, the new states of the
system are sent to the prediction model, and the optimization process is repeated.
In addition, output feedback and the repeated moving horizon optimization can
provide a robust solution against uncertainties caused by external disturbances.
Consider the example of the cotton farm MG. Excessive water is supplied due to
the rainy season or the demand for water is increased due to temperature increas-
ing, which can lead to uncertainties in water demand. In the MPC method, the
updated data (e.g., water demand and PV generation) will be used to solve the
optimization problem over each moving optimization horizon. That is, at time T,
the optimization model is solved over the time period |T', T + m] using the avail-
able data at time T'. The obtained solution is implemented over a time period |7,
T+ 1]. Then at time 7'+ 1, new system data will be fed back to the model, and

the optimization problem is solved over the new time horizon [T+ 1, T+ m + 1].
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Then this process is repeated when 7" increases.

2.4.3 Summary of recent research in MPC methodologies

Table 2.3 shows the research related to MPC, including MG types, main methods,

optimization objectives and algorithms.

2.4.4 Limitation of MPC methodology

We are particularly interested in the application of MPC to the MG system at
Australian cotton farms, where the MG consists of a diesel generator, renewable
generation, and battery storage to supply the water pumping system at cotton
farms. In literature, MPC has been applied for pumping systems; for example, a
water pumping station is operated using MPC in the energy resource allocation in
[61]. Classic MPC approaches have been widely applied in the operation of MGs.
For instance, MPC is used in [62] for the optimal operation of grid-connected wind
farms, which have hydrogen-based ESSs and local load. From the aforementioned
literature, the classic MPC can handle the optimization process in each closed-
loop iteration. However, the irrigation mechanism of cotton farms does not only
operate in an ideal mode but also faces different natural conditions, such as evap-
oration, rainfall and temperature changes. Consequently, the optimization results

obtained only by the classic MPC method are inaccurate, and the disturbance
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from nature uncertainty needs to be considered. Thus, Chapter 4 aims to propose
an MPC approach to solve the cotton farm MG operation problem while taking
into account the constraints of the Australian cotton growing industry, where the

GMG and IMG model for a rural MG will be established, and weather condition

changes are used to conduct robustness and operating cost analysis.

Table 2.3: Summary of the MPC methodologies in recent studies

Ref. | Microgrid type | Methodology Objectives

Stochastic inequality constrained
Wind turbine pitch control, motor
[63] | Grid-connected closed-loop model-based predictive
speed and power generation
control

Optimal active power control of

MPC based on a dynamic discrete-time a wind farm, including power

[64] | Grid-connected piece-wise affine model of a wind reference tracking and the wind
turbine turbine mechanical load
minimization

MPC optimization techniques for energy | The operational cost and
[65] | Grid-connected

exchange with main grid degradation issues

2.5 Microgrid operation under uncertainty

Due to the inherent randomness of natural phenomena, MG operations on cotton

farms are affected by many uncertainties. In this study, sudden weather changes
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Ref. | Microgrid type | Methodology Objectives
Model predictive voltage control and
model predictive power control for
Voltage control in islanded mode
Grid-connected | the interlinking converter control
[66] and reactive power control in
and Islanded by using a State of Charge
grid-connected mode.
(SoC)-oriented charging scheme for
battery energy storage
Distributed model predictive control for
To maximize economic benefit
) economic schedule optimization of a
[67] | Grid-connected and minimize the degradation of
network of MGs with hybrid energy
each storage unit.
storage system (ESS)
Dual-mode distributed economic model | To optimize the battery’s SoC,
[68] | Grid-connected predictive control for a nonlinear and reduce the fluctuation of
wind-PV-battery MG power system the power exchange with the grid
A two-layer MPC method for MG To optimize energy dispatch of
[69] | Islanded
operation future power profiles
To regulate the PEV charging
A hierarchical MPC approach to
load to follow the wind generation
coordinate the wind generation and
[70] | Grid-connected

plug-in electric vehicles (PEV)

charging in the MG

and adjust the wind generator
power output to match the PEVs

charging demand
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Ref. | Microgrid type | Methodology Objectives
Economic MPC for the management of | To minimize the costs of production
[71] | Grid-connected | a smart MG system connected to an and distribution, and guarantee energy
electrical power grid. availability
An MPC method for a real-time To minimize the use of backup energy
[72] | Islanded optimization to maximize the and maximize the amount of RES
power from RES to a building power directly consumed by the load
An MPC approach for achieving To maximize generated power in
[73] | Grid-connected | economic efficiency in MG operation a flap-type wave energy converter
management model.

cause uncertainty, including PV generation, rainfall, and dam water evaporation.
In addition, water demand uncertainty for irrigation is based on the cotton grow-
ing stage combined with weather conditions. In order to reduce the influence of
uncertainty on the system operation, various methods for dealing with uncertainty
have been proposed in the literature. Ref. [74] solves the MG planning problem by
decomposing it into an investment master problem and an operation sub-problem:;
in the operation sub-problem, the optimal operation in the worst case under un-
certain conditions is calculated. Ref. [75] uses scenario-based techniques to model
the uncertainty of PV system and wind turbine output power, load demand fore-
cast errors, and grid bidding strategy for the optimal energy management of an
MG. In order to classify the relevant literature on MG uncertainty analysis, Table

2.4 lists the applications and methods of uncertainty modelling. However, in the
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aforementioned studies above, there is no relevant description of the application
of MPC for reducing agricultural operational costs under the influence of various
real-world uncertain conditions, especially for cotton farm irrigation conditions
that have multi-input uncertainty parameters, such as cotton farm MG under
uncertain RES generation and weather changes. Therefore, the motivation of
Chapter bis to design an optimal MG system operation under uncertainties for

Australian cotton farms.

2.6 Summary

Based on the aforementioned literature review in this chapter, operational cost

reduction for cotton farms in Australia can be achieved in the following steps:

e Through the optimization methodology, and based on the scale of the farm
size and the historical data of energy consumption, the investment cost and

simple payback period of the cotton farm MG can be planned.

e Based on optimal control of the MG operation, the utilization rate of RESs

is improved, and the operational cost can be further reduced.

e By considering the influence of the uncertainty in the natural environment

and water demand on the MG operation, the optimal MG operation approach
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can be adopted, and the expected value of the operational cost will be more

accurate and reliable.

Table 2.4: Review of uncertainty modelling methods and applications

Ref. | Uncertainty source Methodology description

Uncertainty of renewable distributed generations

(DGs) is modelled based on Monte Carlo simulation,
Leveled cost of energy
[76] and then the optimal size of DGs is considered as
and reliability parameters
an optimization problem under technical and economic

constraints which is solved by a genetic algorithm.

Solar radiation,
A modified Metropolis—coupled Markov chain Monte
wind speed,
Carlo simulation is proposed to predict the stochastic
[77] | water flow of a river,
behaviour of different uncertainty sources in the
load consumption,
planning of a stand-alone renewable energy-based MG.
and electricity price

A hybrid energy systems model is built based on
solar and wind energy combined with energy

[78] | Wind, solar and load storage units under uncertainty, and the Monte
Carlo simulation and Cuckoo search algorithm

provide a reliable and cost-effective solution.
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Ref.

Uncertainty source

Methodology description

[79]

Load, PV and wind

Through the two-stage stochastic programming,
a more robust schedule is derived that minimizes
the risk of uncertainty effects, and the MPC can
effectively optimize the objectives, and further
compensate for the uncertainty in the MG

through the closed-loop mechanism.

[80]

Load

A two-layer stochastic MPC is proposed for the
energy management of grid-connected MGs. A
stochastic MPC regulator is used at the lower
layer to compensate for the uncertainties and

maintain the total energy exchange with the network.

[81]

Fluctuating demand and

generation from RESs

Uncertainty is modelled using a scenario generation
and reduction approach. A two-stage stochastic
programming method is proposed to optimize MG
operations. MPC is used to further compensate for the

uncertainty.

[82]

PV, wind and load

demand

A battery operating cost model is proposed that
treats the battery as an equivalent fuel-run
generator to allow it to be incorporated into

the unit commitment problem, the uncertainties
in renewable energy and load demand are

also considered in the unit commitment and
economic dispatch problems using a probabilistic

constrained approach.
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Chapter 3

Microgrid Optimal Investment Design for

Cotton Farms in Australia

3.1 Introduction

As one of the largest exporters in rural areas, the cotton industry in Australia
creates thousands of jobs every year [83]. With more than 427 thousand hectares
used to plant cotton among over 1400 cotton farms, the overall revenue in the
cotton industry hit a record of AU$ 2.3 billion in 2017/2018 [84]. As an industry
with high energy demand, the revenue of the cotton industry is highly sensitive
to energy costs. Therefore, reducing operating costs plays an important role in
improving the competitiveness of Australian cotton products. This chapter aims

to reduce cotton farm energy costs by designing the relevant microgrid (MG)
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equipped with photovoltaic (PV) units, wind turbines (WT) generators, and bat-
tery storage. In order to design a more suitable MG for cotton farms, this chapter
takes operation cost, investment cost and simple payback period as the optimiza-
tion objectives, and considers the constraints of the cotton farm such as seasonal
irrigation demand, water reservoir, water evaporation, etc. The underlying prob-
lem is then transformed into a single-objective optimization problem by summing
the normalized objective functions with corresponding weighting factors. Sensi-
tivity analyses of various key impacting factors, including weighting factors, tariffs

and weather conditions, are conducted.

The Australian cotton farming region is rich in natural resources. The yearly aver-
age solar global horizontal irradiation is 4.86 kWh/(m?- day), the annual average
wind speed at 50 m height is 4.2 m/s, and the annual average temperature is 16.04
°C. In the literature, many studies on renewable energy generation have been pro-
posed in agricultural areas. For example, Ref. [27] illustrates a standalone MG
case study in which a hybrid power supply system was implemented in a cotton
farm at Emerald, Queensland, and the optimal design of irrigation pumps in a
cotton farm was achieved by the software Hybrid Optimization of Multiple Energy
Resources (HOMER). In [28], an off-grid MG was investigated for a cotton farm

in Australia, and HOMER was used to obtain the optimal investment results for
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energy cost reduction. In the case study of [85], thirteen hybrid MG projects were
evaluated, and a sustainability assessment was performed in terms of the institu-
tional, technical, environmental, and socio-economic impact on rural Venezuela.
Furthermore, rural MGs can be divided into two categories per operation mode:
grid-connected and off-grid MGs [86]. Several papers present an off-grid MG sys-
tem based on renewable energy sources (RESs) and conventional energy sources.
Ref. [87] developed a viable MG system including PV, small hydro, battery stor-
age, and diesel generators for rural electrification in Southern Cameroons. Ref.
[88] proposed a methodology based on the energy balance evaluation for a given
design period to determine the size of the electrical energy storage in standalone
systems. In [89], a hybrid AC/DC off-grid MG planning model was proposed to

help select the best technology for each device from the candidate list.

Grid-connected MGs are often applied in rural areas. For example, a grid-
connected hybrid MG with PV and wind turbine was reported in [90], which
can meet the energy needs of 15 residential houses in rural communities in Chile.
A grid-connected MG was recently established in a remote area of Uttar Pradesh,
India, and the installed PV and battery storage can support the loads in case of
insufficient power from the grid [91]. These MG design results are not directly

applicable to the MG of cotton farms because of the seasonal energy demand of
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water pumping: water needs to be pumped only during irrigation periods, and
there is not any water pumping load at non-irrigation periods. Due to this ex-
traordinary characteristic, the scale of the designed MG needs to be appropriately
decided for the cotton farm: an MG of a too large size increases the capital cost,
while an MG of a too small size leads to instability issues and does not contribute
significantly to reducing the operational cost. To solve the aforementioned issue,
this chapter will study the optimal sizing problem of a cotton farm MG tailored
to the irrigation characteristics of cotton farms. Furthermore, the charge from the
grid for the maximum demand will be modelled to match the actual situation of
the Australian cotton industry [92]. In literature, many existing studies minimise
energy costs under the time-of-use (TOU) electricity tariff and charge for the max-
imum demand. For example, an optimal load shifting strategy is presented in [93]
to minimize the operation cost of the conveyor belt systems of a colliery, and a
closed-loop optimal control technique is presented in [94] to reduce the TOU cost
and maximum demand charges for a water pumping system. Moreover, a multi-
agent mathematical model is presented in [95] for energy cost reduction through
demand-side management. The results show that the proposed method can signif-
icantly reduce domestic energy consumption. A demand-side management model
is introduced in [96] for an MG equipped with PV and battery storage to reduce
residential energy costs.
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However, it is difficult to shift the irrigation pump load for cotton farms, es-
pecially in the water high-demand season in which cotton needs to be irrigated
continuously for at least two to three weeks, and the pumps are kept running
for these weeks. To resolve this issue, the most common method is reducing the
maximum demand cost by energy storage, which can be considered for power
management and peak demand reduction in the grid-connected MG system. Ref.
[97] showed that battery size optimization can ensure a smooth power flow in
the MG and reduce peak load demand. Ref. [98] takes advantage of the particle
swarm optimization method to minimize the MG’s total energy and operating cost
by optimally adjusting the control variables to satisfy various constraints. Ref.
|99] reviewed the control strategies of different types of energy storage devices
and the corresponding working principles and limitations. Consequently, battery
storage can be considered for power management and peak demand reduction in
the grid-connected MG system in [100]. By 2020, Australia will have over 15,800
cotton farms and other agricultural consumers connected to the electricity grid
|27]. Therefore, the choice of electricity price plays a critical role in shortening the
investment payback period for a grid-connected MG. An electricity cost reduction
demand side management model based on MG supply chain and TOU tariff was
proposed by [101], where end-users are equipped with energy storage. A model
was developed in [102] to evaluate the effectiveness of demand response strategies
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using TOU tariff combined with regional thermal control. Ref. [103] proposed
a model to reduce residential electricity demand by considering price elasticity
and solar PV power, where Monte Carlo simulation for power flow analysis in
low-voltage distribution networks was applied. However, these models have not
considered the situation in that power utility purchases energy from MGs. A
feed-in tariff (FIT) is one of the incentive schemes envisaged by the Australian
government for RES installation. Nevertheless, Australia’s Small-scale Renewable
Energy Scheme (SRES) limits PV installation to no more than 100 kW and wind
systems to a capacity of no more than 10 kW. In this study, the FIT scheme is
considered in the objective function to reduce operational costs. Meanwhile, FIT
can shorten the payback period for the grid-connected MG during off-irrigation

seasons.

For the MG optimization modelling, Ref. [104] developed a model for energy
storage management in the distribution network, which can reduce operational
costs and improve voltage stability. A stochastic techno-economic MG model was
proposed in [105] for a rural MG to assess technical design decisions and financial
conditions. Ref. [106] modelled a hybrid energy system and obtained the optimal
configuration with the help of life cycle cost minimization. Furthermore, Ref.

[107] established a pump storage model based on the hybrid solar-wind system to
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do the techno-economic optimization for a rural MG.

The aforementioned literature paid attention to the RES integration and man-
agement method for rural MGs, but none of them discussed the case that both
seasonal pumping loads and intermittent renewable sources appear simultane-
ously in the same MG. Motivated by the problems mentioned above, this chapter
presents a new cotton farm MG design method, where the seasonal water pump-
ing demand and intermittent PV and wind power generation are considered. The
proposed cotton farm MG is structured with PV, WT, and battery storage. In
addition, the proposed MG is assumed to be connected to the power grid to
ensure enough power supply for irrigation. PV and wind turbines are energy gen-
erators in this MG, and the battery is essential for energy demand management
under time-varying FIT. However, the corresponding investment cost is expensive
and should not be ignored. Considering all these factors, this study proposes a
multi-objective optimization problem to minimize MG’s operational cost, invest-
ment cost, and payback period. A grid-connected MG cotton farm case study is
simulated to validate the design results. Furthermore, the impact of numerical
research results in different situations is considered from the perspective of cotton

farm stakeholders.

The main contributions of this study are given below.
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1. A multi-objective MG optimal design model is proposed for cotton farms
that are able to handle seasonal water pumping loads under various weather

conditions, Australia’s renewable energy policies, electricity prices, and FITs.

2. The relationships among pump energy consumption, water storage and irri-
gation water demand during cotton planting cycles are modelled in the MG

design.

3. Using an actual cotton farm for the case study, the impact of grid electricity
tariff and FIT on the initial investment and routine operational costs of the
MG is discussed. The case study also indicates that the capacity of the WT

should be limited by 10 kW in order to be economically viable.

The rest part of this chapter is organized as follows. Section 3.2 introduces the
RES components of MG for Australian cotton farms and establishes design ob-
jectives and constraints of RESs and cotton irrigation. Details of a case study
are given in Section 3.3. In Section 3.4, the Yalmip toolbox [108] is used together
with MATLAB fmincon optimization tools to solve the normalized multi-objective
MG optimization problem. The numerical results and the economic impact are
also discussed in this chapter. Section 3.5 summarizes the chapter and draws

conclusions.
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3.2 Optimal design of cotton farm microgrid

This section briefly reviews the energy models of key MG components.
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Figure 3.1: Grid-connected microgrid

Figure 3.1 shows the power balance within the MG. The power of water pumps is
supplied by the grid, battery storage, PV and WT. In Figure 3.1, notation P,(t)
represents the amount of power purchased from the grid at time ¢, i.e., the ¢
hour since the time is sampled each hour; P,,;; (%) is the power flowing from the PV
and WT to the water pump at time ¢; Py (t) denotes the power discharged by the
battery at time t to supply the load. Excess power from the PV and WT can be

sold to the grid or charged to the battery storage. The notation P,2(t) denotes
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Figure 3.2: Cotton farm irrigation model

the power flowing from the PV and WT to the battery storage at time ¢, and
P,3(t) denotes the excess power from the PV and WT to the grid. When water
pumps are not switched on, the battery also can sell power (denoted by Py(t))
to the grid to make a profit. The power flows in this diagram are functions of
time t. Hourly samples are taken in the models, and each year consists of 8760
hours. The water irrigation system of the cotton farm is illustrated in Figure 3.2.
To meet the water irrigation demand, pumps lift water from the bore or river
through ditches to turkey nest dams. Then the water will low from the dams
to cotton farms by gravity. In Figure 3.2, notation Pymy k) (t) represents the
nominal power of the & pump at time ¢; and Fy(¢) denotes the water flow rate

from the dam to cotton field at time ¢.
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3.2.1 Objective functions

From the system configuration in Figure 3.1, the following equations can express

the MG design objective functions.
T

Joo =D Bi(t) - Py(t) = Y Ba(t) - [Pua(t) + Poa(t)] + Co (3.1)

t

L M N
finvest = Z klp My - T1p + Z k2q T Mg - Toq + Z kgr Mgy - T3y (32)

p=1 q=1 r=1

finvest

fpayback = C (33)

org fop

In (3.1), fop represents the annual operational cost of the MG, /1(t) denotes the
grid electricity price at time ¢, T" = 8760 is the number of hours in a year, [5(t)
is the FIT rate at time ¢ (AU$/kWh), and Cj represents the annual maintenance
cost of the MG. Equation (3.2) calculates the capital investment cost of the MG,
where there are L, M, and N different types of PV panels, WTs and battery stor-
age, respectively. Notations kip, mip, and xy, are the unit price (in AUS/kW),
rated power (in kW), and the total number of installed panels of the p'" type of
PV, respectively. Symbols ko, ma,, and 9, represent the unit price (in AU$/kW),
rated power (in kW), and the number of installed units of the ¢'* type of WT,
respectively. Similarly, ks, ms,, and x3, are the unit price (in AU$/kWh), single

unit battery capacity (in kWh), and the total number of installed battery units
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of the r'* type of battery storage unit. Since T1p, T2 and w3, represent the MG
equipment quantity, they need to satisfy integer constraints. Equation (3.3) gives
the simple payback period (fpaypack), in which Co,, denotes the baseline annual
operation cost before the installation of the MG. The multi-objective functions in
(3.1-3.3) can be transformed into a single objective function in (3.4) by weighting
factors A1, A9, and A3. However, these objective functions have different magni-
tudes, so it is convenient to normalize the objectives to obtain an optimal solution
consistent with the weighting factor specified by the decision-maker. Therefore,
a weighted summation normalization method is adopted to (3.8) - (3.10). These

objectives are normalized by using the true variation intervals of the objective

3 3 norm norm norm
functions on the Pareto optimal set, and fo,"™, fineq and fio00  represent the
: : . fmin min min
normalized fo,, finvest and fpaypack, respectively; op s Simvest and payback A€ the
: : : : min __ fmin . £min N mazx max max
Utopia points satistying [0 = filies = Fpayback = 0> and fop**, fiieq and flum

max

op 18 based on the

are the Nadir points of the individual objectives, in which

max

maximum energy to be purchased to satisfy the irrigation demand; f!

1nvest and

max

payback A€ based on the farm owner maximum investment and payback willing-

ness. Yalmip toolbox is used to solve this optimization problem. The weighting

factors A1, Ao, and A3 satisfy constraints in (3.8).

man(Ar - fo"™ + X - fingess T A3+ Fpagtact) (3-4)
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f __ fmin
norm __ op op

op maxr __ fmin
op op
f’ __ frun
norm __ Jinvest invest
nvest maxr __ f£min
1nvest 1nvest
f _fmun
norm  __ payback payback
payback —  rmazx min

payback ~ J payback

M+ A+ A3=1

3.2.2 System constraints

According to the power flow in Figure 3.1, Equation (3.9) shows that the pump

load is supplied by PV, battery storage and utility, while Equation (3.10) shows

the power balance from PV and WT:

Pp(t) - Pml(t) + Pbl(t) + Pg(t)

P (t) + Pra(t) + Ps(t) = Ppy(t) + Pwr(t)

where:

o P

e Ppy(t) is the power from the PV at time ¢; and

e Pyr(t) is power from the WT at time ¢.
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3.2.3 Battery storage constraints

The state-of-charge (SoC) of the battery storage satisfies the following relation

(3.11) derived from energy balance and is also subject to the boundary constraints

in (3.12).
P.o(t) — Py(t) — Pt
Ssoc(t) = Ssoc(t — 1) + 2(1) = ult) = Pia(t) (3.11)
Zrzl ms3y - T3y
ST < Seoc(t) < ST (3.12)
where:

e Ssoc (t) is the at time t;

e S is the minimum bound of and is chosen as 20% in the case study; and

e S is the maximum bound of SoC and is taken as 90% in the case study.

3.2.4 Grid feed-in constraints

When the MG is in grid-connected mode, the feed-in power satisfies the following

constraints in (3.13)

Pos(t) + Pa(t) < Qu, Vit (3.13)

where ()1 denotes the allowed maximum power for grid feed-in.
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3.2.5 PV constraints

The power generated from the PV satisfies the following constraints:

Ppy (1) lep Ppy,(t)

Ppy,(t) < myy (kW)

where P]QV’p(t) denotes the PV power generation per panel at time t.

3.2.6 Wind generation constraints

Power generated by the W'Ts satisfies the following relations:

Pwr(t Zl’zq Piyp,(t)

Piyro(t) < may (kW)

Z mag - ZE‘Qq (k’W)

(3.14)

(3.15)

(3.16)

(3.17)

(3.18)

where P%qu(t) is the power from a type ¢ WT at time ¢. Equation (3.18) rep-

resents that the total WT capacity installed should be less than 10 kW, which

is the maximum power of any small-scale wind system allowed by the Australian

government [109].
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3.2.7 Water storage constraints

Assume that variable speed drives to control the water pumps, then the water

storage reservoir satisfies the following constraints in (3.19) — (3.24):

Smin < S(t) < Smax (319>

St)=SEt=1)+>_ Ppumpi(t) - My — Fo(t) — Vi) + Ro(t) (3.20)

k=1
1—-6)-D-A
Vi(t) = 1=9 (3.21)
T
Pp(t) - Ppump,k(t) (3.22)
k=0
0 < Ppump,k(t) < ng;ﬁik (323)
D-A
Fo(t) = (3.24)
T

where:
® Spin is the minimum amount of water in the reservoir (ML);
® Sz is the maximum allowed water volume of the reservoir (ML);
e S(t) is the amount of water volume in the reservoir at the " hour (ML);

o Prated ig the rated power of the k™ pump (kW);

pump,
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o M. is the average amount of water that each kW of input power at the
k' pump can raise from the water source (e.g. river) to the reservoir (in
ML/kW). That is, this Ppympr(t) - M) mega litre of water will be pumped
from the water source to the reservoir once the k™ pump is run at its rated
power, and this value depends on the water head from the water source to

the reservoir;

e D is the annual water demand for cotton irrigation (ML/Ha);

e A is the size of the irrigated cotton farm (m?);

e T is the total irrigation hours in a year (Hours);

e V. (t) is the loss of water from evaporation and seepage at time ¢, and V(t)

is calculated by (3.21);

e 0 is the on-farm water use efficiency during the irrigation period [110]; =80%

in this study [111];

e n is the total number of pumps; and

e Ry(t) is average rainfall at the ¢ hour (ML). As a source of supplementary
water, the ratio of annual rainfall to irrigation water can be obtained from

CRDC publications. For example, the rainfall in 2016 was approximately



33% of total irrigation [3].

3.3 Case study

3.3.1 Basic information

Table 3.1: Pumps and water storage parameters used in the case study

Item Value
Pump 1 75,812 kWh
Pump 2 63,551 kWh
Pump 3 12,865 kWh
Farm size 3 x 10 m?
Average pumping head 25 m

Average energy consumption of
lifting 1 ML water to 1-metre
Average irrigation demand
Maximum allowed water usage
Reservoir size

Rainfall

Water-use efficiency
Average wind speed at a height of 10-15m

Daily average solar irradiation in 2016

Operation cost @ TOU tariff

4.55 kWh/(ML- m)

6.5 x 10~* ML/m?
1,500 ML /year
1,200 ML

33.33%

80%

3.42 m/s
5.02 kWh/m?

49,694 AUS/year

In Australia, the average amount of requested water of a cotton field is 6.8 x 10~
megalitres (ML) per square meter, and the average area of a cotton farm is 3.05 x

105 square meters |84 in the last decades. The cotton farm considered in this case
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Table 3.2: Cost breakdown of irrigation pumps and energy consumption with a flat-rate tariff

(AUS$ 0.29086,/kWh)

Equipment  Energy use in 2016 (kWh) Cost (AU$)

Pump 1 75,812.33 22,050.77
Pump 2 63,511.06 18,484.46
Pump 3 12,865.24 3,741.98
Annual cost AUS 44,277.21 /year

Table 3.3: Initial operation cost with TOU tariff (Peak Price: AU$ 0.405/kWh, Off-Peak Price:

AU$ 0.223/kWh)

Equipment  Peak Cost Off-Peak Cost Total Cost

Pump 1 17,201.50  7,471.79 24,673.29
Pump 2 14,726.97  6,094.00 20,820.97
Pump 3 2,947.22 1,252.45 4,199.67
Annual cost AUS$ 49,693.93/year

Table 3.4: FIT scheme

Name Time Price (AUS$/kWh)

Peak 3 pm-7 pm 0.13730

Off-peak  Remaining hours 0.05796

Flat rate Any time 0.07842

20



Three bore pumps annual energy comsumption

——Pump1(75kW) ﬂ H
1500 —— Pump2(75kW)
——Pump3(37kW)
1000 —
0 | | | ﬂ A | | | A

50 100 150 200 250 300 350 365
Days

Energy (kWh)

1]

=]

=]
T

Day: 16 | Day: 20
emand: 2608.32 | Demand: 2618.21
S500F snt

Bore pumps annual total energy consumption ——PumpTotal(187kW)

The highest energy
demand period

e LMD

50 100 150 200 250 300 350 365
Days

Energy (kWh)
3 o
(=3 (=]
o o

o
=]
=]

o

Figure 3.3: Load profile of the cotton farm bore pumps

study is in the southern part of Gunnedah, New South Wales, and its irrigation
area in 2016 was 3 x 10% m? [10], [13]. There are three sub-bore pumps in this
farm, which are powered by electricity, two with the rated power of 75 kW, and
one with 37 kW [10]. The farm reservoir has a maximum water storage capacity of
1500 ML. The cotton farm parameters in this study are shown in Table 3.1. The
water demand data are taken from the average water usage of cotton farms in the
Murray-Darling Basin area in 2016, which includes the rainfall as a supplementary
water source accounting for about 33% [3] of the total irrigation demand. The
historical solar radiation data for the Gunnedah area in 2016 can be found in
[112]. Currently, no MG is installed in the farm, and the corresponding baseline
annual energy consumption and total cost of the three water pumps are shown

in Table 3.2, where Ergon Energy small-business flat rate Tarift 20 is applied.
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Table 3.3 calculates the corresponding operational costs under a different tariff,
i.e., the Ergon Energy rural TOU Tariff 65. The FIT has two different schemes:
a time-varying and a flat one!, see Table 3.4. The energy consumption of three

pumps in a year is shown in Figure 3.3.

3.3.2 Microgrid components and costs

Table 3.5: Specifications of PV panel

Smart Panel® 60-cell SPV310-60MMJ PV

Panel power 0.253 kW

Performance ratio 0.75

Panel efficiency 18.9%

Panel dimensions 1650 x 992 x 40 mm
Maintenance cost ~ AU$ 5/year

Unit price AUS$ 250 (Including inverter)

Warranty 15 years

Table 3.5 shows the specifications of the PV panel considered in the case study.
Table 3.6 lists information regarding three different sizes of WTs on the Australian
market, and Figure 3.4 displays one WT average daily energy generation of each
type in a year. Table 3.7 shows popular battery storage products from Tesla®

and the corresponding data.

Thttps:/ /www.esc.vic.gov.au/electricity-and-gas/electricity-and-gas-tariffs-and-benchmarks /minimum-feed-

tariff##tabs-containerl
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Table 3.6: WT brand and price

Atlantis Solar® wind turbine ASWT-2kW ASWT-5kW ASWT-10kW
Rated power (kW) 2 5 10

Cut-in speed (m/s) 3 2.5 3

Cut-out speed (m/s) 25 25 25

Rated wind speed (m/s) 9 10 10

Blade diameter (meter) 3.8 6.4 8

Generator efficiency 80% 80% 85%

Design life (years) 20 20 20

Minimum Tower height (meter) 8 10 12
Maintenance cost (AU$/Year) 800 1000 1500

Unit price (inlcuding installation cost)

AUS$ 10 K/unit

AU$ 60 K /unit

AU$ 100 K /unit

Table 3.7: Battery storage brand and price

Tesla ® Powerwall 2 battery storage

Usable capacity

Max charge and discharge
Round trip efficiency

Dimensions (L x W x H)

Maintenance cost
Unit price

Warranty

13.5 kWh

90%

6.99 kW

1150 x 755 x 155 mm

AUS$ 300/year

AU$ 10,600/unit

10 years
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Figure 3.4: Daily energy generation of one WT from different types

3.4 Results and discussion

This case study is aimed at validating the proposed MG model. The results are
discussed in the next three subsections below. The multi-objective optimization
model is normalized, and the Yalmip optimization solver is applied together with
the MATLAB fmincon toolbox to obtain the results. Table 3.8 provides the Base-
line Case conditions based on the acceptable investment range for Australian
cotton farmers. The historical data of the water pump energy consumption in
2016 is used in the case study as a baseline for comparison. The water demand
data are taken from the average water usage of cotton farms in the Murray-Darling
Basin area in 2016, which includes the rainfall as a supplementary water source
accounting for about 33% [3] of the total irrigation demand. The historical solar

radiation data for the Gunnedah area in 2016 can be found in [112|. Figure 3.5
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show the annual power generation of 2 kW, 5 kW and 10 kW wind generators at
the height of 10 - 15 meters, where the annual average wind speed is 3.4 m/s.
Figure 3.6 shows the energy generated by a 1kW PV panel in the Gunnedah area

in 2016.

Table 3.8: Baseline conditions of the case study

Items Values
Minimum operation cost 0 AU$/year
Minimum investment cost 0 AUS

Minimum simple payback period 0 year
Maximum operation cost 50,000 AUS/year
Maximum investment cost 300,000 AU$
Maximum simple payback period 10 year

The total energy use of 3 pumps 152,228 kWh

Operation cost @ TOU tariff 49,694 AUS /year

3.4.1 Optimal microgrid design solution

Now consider the MG optimal design model in Section 3.3. The PV panel pa-
rameters are given in Table 3.5; the rated power of each PV panel is 253 W. The
2 kW, 5 kW and 10 kW WTs from Table 3.6 are available choices. The lithium-
ion battery pack in Table 3.7 is used for the battery storage system, and each
pack is rated as 13.5 kWh. Because the installation of the WT must comply with
the Australian small renewable energy scheme, the total installed WT cannot be

greater than 10 kW.
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Table 3.9: Baseline Case vs. Optimal Case results

Indicator Baseline Case Optimal Case

Energy purchased 152,228 kWh 98,937 kWh

from grid in a year

TOU operation cost AUS$ 49,694 AUS$ 21,612
Installed PV size 0 61.2 kW
Installed PV Qty. 0 242
Installed WT Qty. 0 10 kW x 1
Installed battery 0 135 kWh
Installed battery Qty. 0 10
Investment cost 0 AUS$ 266,500
Feed-in energy 0 89,613 kWh
in a year

Simple payback period - 9.49 yrs

Figure 3.7 shows the changes of dam water volume. This curve is drawn based on
the power consumption of pumps during the watering period in the cotton farm,
rainfall and water loss. The total amount of water pumped, irrigation water usage,
rainfall supplementary and water loss have to meet the maximum dam capacity
and irrigation demand. It can be seen from Figure 3.7 that when the irrigation
demand is 6.5 x 107*ML/m?, the minimum water volume is 425.6 ML during
the irrigation time, the maximum water volume of the dam reaches 532.7 ML,
and the remaining water after irrigation is 518.4 ML. The amount of water in
the dam increases after the start of the pumps and decreases during irrigation.

The total amount of water pumped plus rainfall supplementation can satisfy the
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total amount of water demand. Meanwhile, the total amount of pumped water is
1,338 ML, which is also within the limit of 1,500 ML for maximum water usage
permission. Therefore, the irrigation and water pumping model can be verified to
suit the irrigation system, and the total energy consumption of the pumps also

satisfies the irrigation demand.

In this study, we define the Baseline Case as the current energy system at the
cotton farm which does not have RESs, and the required energy is supplied by the
power grid only. Table 3.9 gives the comparison result between the Baseline Case
and Optimal Case in terms of the MG components, investment cost, operation
cost, and simple payback period. Optimal Case (A; = 0.6, Ay = 0.2 and A3 = 0.2)
installed an MG and adopted TOU tariff and time-varying FIT in (3.4) to optimize
the configuration. In addition, Optimal Case analyzes the importance of battery
storage in the MG and how the battery systems store excess energy and sell it
back to the grid to maximize the benefit. Figure 3.8 shows that RES generates
electricity to supply the water pumps, but it does not have sufficient power to
meet the pump load. Consequently, grid power is supplied to meet the shortage.
Meanwhile, the MG system can sell excess power to the grid during off-peak
irrigation periods. Since battery storage is an essential part of this study. Battery

storage can support water pumping during the irrigation period and transfer the
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energy back to the grid during the off-peak period of irrigation. Thus, Figure 3.9

shows the charging and discharging status of the battery over the year. The red

bar is the excess energy charged to the battery storage from the MG. The magenta

bars show that the battery storage provides energy to the pumps. During non-

irrigation periods, the MG charges the battery storage and sells energy back to

the grid when the PV stops generating power. Therefore, there are more benefits

to choosing a time-varying FIT than using a flat-rate FIT. The brown bars in

Figure 3.9 show the scale of the battery selling energy to the grid during the year.
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Figure 3.7: Water volume curve of the dam on the cotton farm
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3.4.2 Sensitivity analyses

In this section, we conduct a sensitivity analysis and discuss the impact of different

factors on the designed MG system.

[. Impact of weighting coefficients

Table 3.10: Optimized microgrid design results of Optimal Case, Scenario 1 and Scenario 2

Item Optimal Case Scenario 1 Scenario 2
PV panel Qty. 242 210 206

WT 2kW Qty. 0 0 0

WT 5kW Qty. 0 0 0

WT 10kW Qty. 1 1 1

Battery pack Qty. 10 4 3

Total operational cost in the year (AUS$) 21,611.8 24,284.8 27,7514
Operation cost saving from Baseline Case 56.51% 51.13% 44.16%
Total investment (AU$) 266,500 194,900 183,300
Payback period (years) 9.49 7.7 8.35
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Figure 3.10: Microgrid power generation and the load demand
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Here two scenarios are considered; in the first scenario, i.e., Scenario 1, choose
the weighting factors to be A\; = 0.3, Ay = 0.1 and A3 = 0.6. In Scenario 2,
choose the weighting factors to be A\; = 0.2, A = 0.6 and A\3 = 0.2. The
other system parameters remain intact as the previous Optimal Case. The
obtained results are shown in Table 3.10. By comparing the three results,
A1 = 0.6 in the Optimal Case has the highest preference for operation cost
minimization, and the MG supplies the majority of the required energy,
implying the smallest operation cost. Scenario 1 has A3 = 0.6, i.e., the
payback period has the highest weight, thus the obtained simple payback
period is shorter than the Optimal Case. In Scenario 2, the weighting factor
for investment is Ay = 0.6; therefore, the optimization results show that the
investment cost is lower, but the operation cost is higher than the Baseline

Case and Scenario 1. Also, the simple payback period of Scenario 2 is the



IL.

shortest in the three simulation cases. Figure 3.10 illustrates the comparison
of Scenario 1 and Scenario 2 with the Optimal Case. Figure 3.11 shows the

percentage of the MG components to meet the pumping load.

Impact of different tariffs

Tariff selection is also critical for operating costs and simple payback periods.
In this case, two types of tariff and two types of FIT based on the tariffs
shown in Table 3.2, Table 3.3 and Table 3.4 are adopted to see their effect on
the MG configuration and simple payback period. Table 3.11 uses Baseline
Case as a benchmark and lists the results of four tariff combinations. The
operating cost of the case without MG is AU$ 49,694 under TOU tariff and
AUS$ 44,277 under the flat rate tariff. It can be found from Table 3.11 that the
shortest simple payback period is 8.15 years, and the smallest investment is
AU$ 183,300 among the four tariff options. Table 3.11 also illustrates that if
the operating cost is higher, the investment cost will be higher, but the simple
payback period is shorter. If the operating cost is lower, the investment cost

is relatively minor, but the simple payback period will be longer.
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Table 3.11: Optimization results for different tariff combinations

Time-varying FIT Flat-rate FIT Time-varying FIT Flat-rate FIT

based on TOU Tariff based on TOU Tariff based on Flat-rate Tariff based on Flat-rate Tariff

Number of PV panels 242 238 234 206

WT (kW) 1x10 kW 1x10 kW 1x10 kW 1x10 kW
Battery storage numbers 10 6 7 3

Under MG operating cost (AU$/year) 21,612 22,319 20,532 24,422
Investment total (AUS) 266,500 923,100 932,700 183,300
Simple payback period (years) 9.49 8.15 9.80 9.23
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IIT. Impact of wind speed and solar irradiation on the optimization

MG system

Table 3.12: The results with increased average wind speed and daily solar global exposure

Annual average wind

speed increased to 5 m/s

Annual daily average global

exposure increased to 6 kWh/m?

PV panels number 348
WT configuration 1x10 kW
Battery numbers 20
MG annual generation (kWh) 305,506.93
Operating cost under TOU tariff

9,794
and time-varying FIT (AUS$)
Operating cost reduction from

80.29%
Baseline case under TOU
Total investment (AUS$) 399,000

Simple payback period (years) 10

245
1x10 kW
14

243,451.65

17,902.42

63.97%

309,650

9.74

WTs are one of the RESs mentioned in the previous section. The power

generation of WTs changes significantly with wind speed. In the previous

case study, the average wind speed of the case study cotton farm in 2016 was

3.42 m/s. The wind speed is scaled up to an average speed of 5 m/s to check

the sensitivity of wind speed to the results, and all the parameters are kept

the same as in the Optimal Case. The relevant results are listed in the first

column of Table 3.12. Under the condition of higher wind speed, this system

has higher power generation. As seen from Table3.12, the number of solar
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panels is raised from 242 units to 348 units, and the number of battery storage
is increased from 10 to 20 sets. This is because more operating cost reduction
can be achieved with the increased wind speed, which in turn can offset some
investment cost of PV and battery in the system. Now consider the impact
of solar insulation, and it is assumed that the daily average global exposure
is increased from 5.02 kWh/m? to 6.0 kWh/m? while the wind speed and all
the other conditions remain the same as Optimal Case. The corresponding
MG design results are listed in the second column of Table 3.12. Compared
with Optimal Case, the number of solar panels is increased by 3, and the
number of batter units is increased by 4. Therefore, the total investment
is decreased by AUS$ 43,150. The annual power generation is increased by
28.390.61 kWh; thus, the operating cost is reduced by AU$ 3,709.6, and the

payback period is 3 months longer.

3.5 Summary

This chapter presents an MG optimal design model for Australian cotton farms.

This method formulates the design as a multi-objective optimization problem,

which is subject to various constraints on PV, WT, battery storage, and cotton

irrigation demand. In the 3 x 10° m? cotton farm case study, a number of different

MG scenarios are presented to illustrate the effectiveness of the proposed model.
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Sensitivity analysis is also conducted to discuss the impact of weighting factors,
battery storage and tariff options on the investment, operation cost and payback
period. Compared with the existing energy consumption of this cotton farm, the
designed MGs can reduce the operating costs by 44.16% to 56.51%, the simple
payback periods are 8.35 years for Scenario 2 and 9.49 years for the Optimal
Case, respectively. The grid-connected MG can also sell excess power to the grid
to speed up the payback period. This case study provides a reference for cotton

industry stakeholders to consider RES investment in cotton farms.
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Chapter 4

A Model Predictive Control Approach to
a Water Pumping System in an

Australian Cotton Farm Microgrid

4.1 Introduction

Based on the results of Chapter 3 on cotton farm MG investment planning, we
know that using rich renewable and clean energy sources can significantly save
energy costs and reduce emissions of greenhouse gases during high pumping de-
mand seasons for cotton farms equipped with renewable energy sources (RESs)
based MGs [113]. In a typical rural MG system, the key components usually

include a hybrid of traditional energy sources and RESs, for example, diesel gen-
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erators, solar photovoltaic (PV), and wind turbines, which are further aided by
energy storage systems [114], and economical operations [115]. The aforemen-
tioned hybrid energy MG can be optimally operated to efficiently use RES and
save more operating costs. In literature, there are many MG optimal operation
technologies that can optimally dispatch energy for cost-saving purposes; for ex-
ample, an MG smart energy management system to optimize the operation with
a matrix real-coded genetic algorithm is presented in [116]; Ref. [117] discusses
hybrid RES’s control and energy management tenets and introduces different op-
timization methodologies applied to hybrid energy systems; fuzzy logic control is
proposed in [118] for the demand side management of residential electric water
heater load, and an optimal pump operation schedule is given in [119] for min-
imizing electricity charges. However, these methods in [116], [118], [119] do not
have any feedback to cater for real-time system changes. Indeed, these studies
do not observe the output of the control process from the perspective of control
theory [4]. Therefore, the robustness and stability of the obtained solutions need
to be improved by closed-loop control techniques. Note that model predictive
control (MPC) is a powerful closed-loop optimal control tool [120], and it has
been successfully applied in many MG operation problems [121]. Generally, MPC
is a control technique that optimizes the system under each moving prediction
horizon [122]. After implementing the calculated control solution over a certain
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time period, the controller iteratively solves the optimization problem over the
next prediction horizon to cater for real-time system changes [123|. Therefore,
any disturbances and uncertain system changes will be taken into account during
the MPC optimization iteration process, and robustness can be achieved [124]. In
addition, robust MPC and stochastic MPC on the relationship between stochastic
uncertainty and cost function are also proposed in [125]. The implementation of
robust MPC through numerical method is overviewed in [126]. Ref. [127] applies
the stochastic MPC method to an urban drainage network and observes the effect
of bias and uncertainty on the performance of MPC.

In this chapter, we are particularly interested in the application of MPC to the MG
system at Australian cotton farms, where the MG consists of a diesel generator,
renewable generation, and battery storage to supply the water pumping system at
cotton farms. In literature, MPC has already been applied for pumping systems;
for example, a water pumping station is operated using MPC after introducing
the general convergence and robustness of the MPC algorithm in energy resource
allocation in [61]; and open-loop and closed-loop optimization control method-
ologies are compared to validate MG economic impact and system robustness in
[128]. However, these investigated water pumping systems are not powered by
MGs, but by the external main grid only.

For a general MG, MPC has also been applied in its operational control. For
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instance, Ref. [129] applies MPC in the energy management of an MG from the
perspective of fault mitigation. MPC is used in [62] for the optimal operation of
grid-connected wind farms which have hydrogen-based energy storage systems and
local load. A supervised power management strategy system based on the MPC
method is introduced in [130], which is designed for a stand-alone DC MG with
distributed power generation, load and battery energy storage, in order to solve
the optimization problem under operational constraints. In the agriculture sector,
MPC has been successfully used to control water consumption during irrigation
according to soil humidity [131]. Moreover, the key contribution of the control
system of agricultural irrigation systems is irrigation management [132| and water
use efficiency [133]. Meanwhile, the reduction of operating costs by configuring
rural MGs and open-loop control is demonstrated in [134]. Ref. [135] proposes
a method of load shifting to optimize the control of the water pumps to achieve
operating cost reduction. However, there are quite limited studies and technical
practices for the optimal operation of the Australian rural MG system to improve
the operation efficiency of farm energy systems, especially for cotton cultivation.
In particular, there is a lack of studies on the cotton farm MGs, which are very
different to usual MGs as cotton farm MGs need to consider complicated water
demand during the cotton growing period. For instance, water demand changes
significantly during specific growing periods. Moreover, water irrigation, seepage
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and evaporation at both the reservoir and cotton field, and precipitation also need
to be considered. Therefore, this chapter aims to minimize the Australian cot-
ton farm MG operating cost by proposing an MPC approach considering all the
above-mentioned cotton-specific water demand constraints. Grid-connected and
off-grid operations will be modelled within this MPC model. The benefits of this
MPC approach will also be demonstrated when disturbances from rainfall and

high water evaporation are present.

The main contributions of this study are briefed below.

e An MPC approach is developed to minimize cotton farm MG operating costs
under both the grid-connected and islanded modes. The obtained MPC
model can reduce operating costs by optimally controlling the power flow

and the water pumps at the cotton farm.

e The proposed MPC approach is particularly effective in saving operating
costs, given complicated disturbances from rainfall and evaporation that sig-

nificantly affect the water demand load.

e Real-world data from an Australian cotton farm is applied in the case study,
and the obtained results not only show the cost savings under grid-connected
and islanded MG operational modes but also demonstrate maximized renew-

able energy utilization rates.
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The following sections are laid out as follows. In Section 4.2, the MPC models
of the cotton farm MG are presented for both the grid-connected and islanded
modes. The closed-loop MPC algorithm is also explained. Section 4.3 and Section
4.4 give detailed case studies to validate the proposed MPC algorithm. Finally,

conclusions are provided in Section 4.5.

4.2 A control model for cotton farm MG operation

The following assumptions are needed in the MG modelling. The objective is to
minimize the operating cost of the water irrigation system at the cotton farm.
The irrigation system includes several pumps which pump water to a reservoir,
and water flows from the reservoir to the cotton field by gravity. Thus, we only
need to control the water pumps properly to save energy costs. These pumps are
powered by grid power under grid-connection mode and can also be powered by
diesel generators and clean energy such as solar PVs. To minimize the irrigation
cost of the cotton farm under various uncertainties and disturbances from wa-
ter evaporation, precipitation and seepage, the MPC method is chosen. MPC is
based on the principle of feedback control, and its iterative process can predict
the disturbance factors. In actual cotton farms, weather can significantly impact
irrigation activity. Therefore, the advantage of MPC against open-loop optimiza-

tion is that it can respond to weather changes to achieve the purpose of energy
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saving and cost reduction. The model’s flow chart is presented in Figure 4.1.

Initialization

v

Get data
(PV and water demand data)

Disturbance model
(precipitation, evaporation data
and seepage formula)

Y Y
Power banlance Water banlance model
model with constraints with constraints

1 MPC optimizer

)

Results to be saved

Control variables
(e.g., ui(t))

Figure 4.1: MPC concept block

4.2.1 MPC loops for the hybrid energy system

The basic MPC closed-loop method is shown in Figure 4.2. In the system of Figure
4.2, the optimal control model is solved over a moving time horizon, which is up-

dated periodically to provide feedback and real-time system parameters changes,
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such as renewable power generation changes and demand changes. The feedback
mechanism can ensure timely correction of the optimal controller to achieve a
stable solution against disturbances such as rainfalls and evaporation to be con-

sidered in this section. The following variables are defined for the Figure 4.2:

e Input: It is the control input of the hybrid system, which is obtained from

the Optimizer, such as the on/off status of each water pump.
e Output: It is the output of the hybrid system, e.g., the water volume.

e Measured-output: It is the signal that is directly measured from the hybrid

system. It is sent to the Prediction Model to predict the future output.

e Future output: It is the predicted response of the hybrid system over a future

time horizon, which will be sent to the Optimizer.

Constraints

Cost function o W Input Hybrid Output
Optimizer J system —-

Future output

Prediction | Measured-output

Model

Figure 4.2: MPC closed-loop model
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4.2.2 Water balance model

The water irrigation system is shown in Figure 4.3. Water inflow brought by

pumps and precipitation needs to be balanced with the outflow caused by both

irrigation needs and evaporation. The corresponding water balance model can be

given below.

V(t + 1) — V(t> + anlow(t) - V;)utfl(m)(t)
L Lind znd ind
U (t) : Prate,i : At u ( ) Prate K At
‘/mflow(t) = Z B . H. + Z Find . frind
i—1 con,i ) im1 con,i i

‘/outflow(t) = ‘/7“21(75) + VL_res(t)

w;(t) (or ui™(t)) =

s.t.

WOwer < V(t) <

rate 1

B

1=1
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Upper level

Lower level

Seepage Irrigation by gravity
Figure 4.3: Farm water storage components and water balance model

where At = 1 h is the sampling time period, ¢ is the time index, and T is the total
length of the prediction horizon. Notation V () represents the amount of water in
the reservoir at the t** hour, and Viupper (ML) and Vigyer (ML) are the upper bound
and lower bound of V/(t), respectively. Equation (4.1) gives the water balance
relation, where Vi 10w (t) is the water inflow (in ML) and V,utfi0u(t) is the water
outflow (in ML). Equation (4.2) calculates Vi, fiow(t) as the total amount of water
pumped from all the pumps plus the amount of precipitation Vg ,.s(t); where the
first two items on the right-hand side of (4.2) calculate the corresponding amount
of water pumped by the MG pumps and the independent pumps beyond the MG,

respectively. Here, it is assumed that the farm has two types of pumps; one is
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supplied by the MG, and the other is called independent pumps, which are not
supplied by the MG. In (4.2), P4 is the rated power of the it" pump controlled
by the MG; P . is the rated power of the i independent pump which is not

rate,i

supplied by the MG but by either the grid or diesel generators; E.,,; and Eé?gl
are both equal to 4.55 kWh/m [136] which represent the energy needed to pump
1 ML of water for one meter of height for the two types of pumps; H; and Hi"
are the water heads (in meters) of the two types of pumps, and L and L"? are the
total numbers of pumps in these two types of pumps. Equation (4.3) calculates
the outflow as the sum of water flow to the cotton field by gravity (i.e., Vo () in
ML) and the water loss V7, ,cs(t) (ML) due to evaporation and seepage. Notations
u;(t) and ui"(t) in (4.4) are the binary on/off switching status control variables.
In (4.5), Viyae denotes the maximum water volume allowed per 24 hours to be

collected from the water source (e.g., river or borehole) [137|. From the above

equations, the following relation is derived.

L
Vit+1) =V +> ui(t) - Prasei - At

i—1 Econ,z : Hz
Lz:d " (1) Priies Atﬂ/ (t) = Vig(t) = Vi pes(t) (4.7)
- Eéggz Hmd R_res r2l L _res .
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4.2.3 Hybrid-power microgrid model

hybrid-power MG systems are one of the solutions for the electrification of remote
cotton farm areas where grid expansion is difficult or not economical. Typically,
the hybrid-power MG system integrates renewable energy sources such as solar
and wind with conventional energy generators (e.g., utility grid or diesel generator)
to provide electric power, and excess electricity can be either fed into the grid or
stored in batteries for energy storage. Figure 4.4 shows a configuration of the grid-
connected hybrid-power MG, and Figure 4.5 shows the islanded hybrid-power MG

configuration.

DC Bus AC Bus
Pgrid(t)
~af—

- L | .
St yind(y . pind |

TERX —
S Pevst) DC/AC - _ ndependent
. inverter Power Grid p
umps
Renewable
Source

Ui(t) ’ l:’rate,i @
—-

Microgrid
Pumps

Figure 4.4: Grid-connected hybrid-power MG configuration

[. Grid-connected MG model

From Figure 4.4, a diesel generator should not be used in a grid-connected
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Independent Independent
Diesel engine Pumps
A inverter
PV Diesel Generator
Paiscn(t) i (t) rate,i ; ;
Microgrid
Battery Pumps
Figure 4.5: Islanded hybrid-power MG configuration
MG due to its high cost. Then the following relations hold.
P ( + Pgmd Z uz : rate 1 + Pfeed m(t) (48)
Py(t) = a- PY(t) (4.9)
0< Pgrid(t) < 77G( ) P;;Z?nxp (410)
0 < Preca-in(t) < [1 = na(t)] - Pjics,, (4.11)

where P,,(t) > 0 represents the PV power generation at the " hour;

Pyria(t) > 0 is the power required from the grid at time ¢; Preeg—in(t) > 0
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IL.

is the feed-in power flowing back to the grid; « is the number of the PV
units installed; ng(t) is the PV power output from a single unit; PJ" is
the maximum power allowed for all the pumps; ng(t) is a binary variable

which equals 1 when P,,4(t) > 0 and 0 otherwise; PR i is the maximum

allowed feed-in power.

Islanded microgrid model

Equation (4.12) demonstrates the power balance model for the islanded MG
which is based on Figure 4.5. The diesel generator can supply the power

needed when the renewable energy generation is less than the required power.

Pyo(t) + Pag(t) + Paisen(t) = Pen(t) = Y i(t) - Prages (4.12)
s.t.
Py (t) + Puisen(t) — Pep(t) > 0 (4.13)

where Py,(t) is the power from the diesel generator, and P, (t) and Pyisen (1)
are the charging and discharging power of the battery storage at the ¢'* hour.
As it is not economical to charge the battery from the diesel generator, the

constraint in (4.13) ensures the unidirectional power flow from the DC to

AC bus.
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ITI. Battery storage model

Battery packs are chosen as the energy storage of the MG. The battery

state-of-charge (SOC) can be expressed by (4.14), and the SOC constraint is

expressed as (4.15). Eqs. (4.16-4.17) ensures the battery cannot charge and

discharge simultaneously.

Pch(t) *Neh — Pdisch(t)/ndisch

SO0t 1) = S99C(t) +

Omaa:
s.t.
SSOC < SSOC( ) SSOC
O < Pch( ) < OéB(t) : Cn}zax
0 < Pdisch(t) < [1 - aB( )] Pgl?:c:?t
where

e 559C(t) is the battery SOC at the ¢ time;

e 550C is the minimum SOC, which is S29¢ = 20%;

min min
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is the maximum SOC, which is S°9¢ = 80%;

max max

maz 18 the maximum energy capacity of the battery storage;

(4.14)

(4.15)

(4.16)

(4.17)



e 1., and ngsen are charging and discharging efficiencies, respectively;

e ap(t) is the binary variable which denotes the battery charging status,

and it equals 1 for charging and 0 otherwise.

max max 3 3 3 3
o PU and Pjds are the maximum charging and discharging power, re-

spectively.

4.2.4 Optimization model
The cost function F'(t) is defined as follows. For the grid-connected mode,

rate,i

E(t) = | Pyiat) + 17 u(t) - Pl ] AL C(t) = Preea—in(t) - At - B(1)

(4.18)

for the islanded mode,

Lmd
F(t) = [Pay(t) +Zumd P At -o - M(t) (4.19)

rate,t

where, C(t) is the grid energy price at the " time (e.g. TOU tariff (AU$/kWh));
B(t) is the feed-in tariff, o is an energy conversion coefficient, (e.g. ¢ = 0.2417
L/kWh, which means that 0.2417 L diesel is consumed to generate 1 kWh [136]),

and M (t) is the diesel price (AU$/L) at the #* time.
[. Open-loop optimal control model

To minimize the operating cost over the prediction horizon (7) (e.g., 24
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hours), the objective for open-loop optimization is given as (4.20),

min F(t) (4.20)

II. Closed-loop optimal control model

The objective function for the closed-loop MPC is obtained by updating the

optimization period in (4.20) to a moving horizon as (4.21),

T+m
min F(t) (4.21)
w;uind
tot=1+m
where the period [m +1,--- , T + m] is the moving prediction horizon, and

the optimization model needs to be solved over each of these moving horizons

subject to similar constraints like (4.8) - (4.17) over [m + 1,--- ;T 4+ ml].

4.3 Case study 1 - MPC simulation on Kensal Green cotton

farm

A case study is carried out to validate the proposed MPC approach.
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4.3.1 Scenario 1. Grid-connected cotton farm (without battery stor-

age)

A cotton farm in the southern part of Gunnedah, New South Wales, Australia,
is studied here. The total irrigation area was 3 x 10® m? in 2016. This studied
cotton farm has two sub-bore pumps with a rated power of 75 kW. The farm also
has a 37 kW re-lift pump to lift water from the Mooki river. One of the 75 kW
pumps is directly connected to the grid, and the MG only supplies the other 75
kW bore pump and the 37 kW re-lift pump. The MG also has a 50.6 kW solar
system [138]. In 2016, the pumping system pumped 1,004 ML water from the
bore and 247 ML water from the river, while the maximum allowed water intake
is 30 ML/day in the irrigation season [139]. Table 4.1 lists the cotton farm’s
pumps [140] and water storage parameters [141] used in the case study. The
studied cotton farm’s grid-connected MG system includes a RES and an energy
storage system (ESS). The load includes an MG-supported pump system and an
independent grid-connected pump. Water is pumped into the reservoir from a
borehole or the Mooki river and irrigates the cotton farm by gravity (see Figure
4.6). The high irrigation water demand period considered here is about 87 days
from November 2016 to January 2017. As shown in Figure 4.6, the pump control

solution needs to optimally identify the switching status of pumps #1, #2 and
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#3 for cost minimization purposes. Rainfall, seepage and evaporation are used as

external disturbances to verify the robustness of this closed-loop MPC strategy,

which will be discussed in the simulation result part.
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Figure 4.6: Grid-connected microgrid simulation model

[. Baseline Electricity Operating Costs

Table 4.2 presents the electricity cost of the cotton farm irrigation system

over the considered 2016 irrigation period (i.e., 11/2016—01/2017). The

owner of the farm controls the pumps by personal experience only.

II. Assumptions of closed-loop control model
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Table 4.1: Key parameters of the studied cotton farm

Items Values

Bore Pump #1

(MG connected pump) 75 kW

Bore Pump #2

(Independent pump) 75 kW

River Pump #3

(MG connected pump) 37 kW
Cotton farm size 300 x10* m?
Bore pumping head 31 m

River pumping head 12 m

Average energy consumption of
lifting 1ML water per meter
Average irrigation demand

Maximum allowed water usage

Reservoir size

Daily average solar irradiation

in 2016

Solar PV system installed

Flat rate tariff in 2016

Feed-in tariff in 2016

4.55 kWh/(ML - m)
6.5 x10~4 ML/ m?
1800 ML /year

800 ML

5.02 kWh,/m?
50.6 kW
0.26 AUS/kWh

0.06 AUS/kWh
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Table 4.2: Energy costs breakdown in 2016

Items Pumps Values
#1 1,034 h
Operation time #2 882 h
#3 360 h
#1 75,812.33 kWh
Consumption #2 63,551.06 kWh
#3 12,865.24 kWh
#1 19,711.2 AUS
Electricity cost — #2 16,523.3 AUS$
#3 3,345.0 AU$
#1 537.5 ML
Water pumped  #2 450.5 ML
#3 235.6 ML




IIT.

In order to use the closed-loop MPC method to control the pumping system
of the cotton farm, the following information will be applied in the simula-

tion.

a. There are two pumps supplied by the MG and an independent pump #?2

(75 kW) not supplied by the MG.

b. The pumps need to pump river water or bore water to the reservoir, and

then the water flows from the reservoir to the cotton field by gravity.

c. The load factor is assumed to be one, i.e., reactive power is ignored.

d. Historical irrigation and pump power consumption data of the cotton farm
in the 2016 irrigation period (i.e., 11/2016 - 01/2017) are taken, and the

total irrigation period is 87 days.

e. In the baseline case, Vg ,es(t) = VI res(t) = 0 ML, which means that in

the baseline case, rainfall, evaporation and seepage losses are ignored.

Robustness validation in the cotton farm

The robustness of the closed-loop MPC is evaluated in this case study. The
closed-loop MPC model can compensate for the disturbance within a range

to ensure the stable operation of the system. In order to demonstrate the
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robustness of the system under different conditions, two disturbance cases

are designed to meet the requirements of the case study.

a. The first disturbance is the received rainfall. Rainfall data can be found
in the Australian Government Bureau of Metrology (BOM). The 30-year
average daily rainfall in mm /m? at the area of this cotton farm [142]. The
total surface area of this reservoir is about 10° m?2. The 2016 rainfall data
from the BOM are added as a disturbance to the MPC model. Then the
water level at the reservoir is increased after the rainfall, and the irrigation
demand at the cotton planting area is also decreased. Then Vi ,c4(t) can
be calculated by (4.22), and (4.23) gives the rainwater received by the
cotton planting area.

Vi res(t) = Raata(t) - Zyes - 107° (4.22)

VR 1and(t) = Raata(t) - Ziana - 107° (4.23)
where Rgq4(t) (mm/hour) represents hourly precipitation data from BOM;
Zres = 10° (m?) is the surface area of the reservoir, the constant 107 is
to convert the precipitation unit from mm/m? to ML/m?. The notation
VR jana(t) (mm/h) represents the amount of rainwater received in the
cotton farm at the " hour, and Zj,,q = 3 x 10% (m?) is the farmland

area.



b. The second type of disturbance is the water loss caused by crop evapo-
transpiration, reservoir evaporation and seepage. During extended peri-
ods of hot weather, water loss will increase due to evapotranspiration and
evaporation. Therefore, based on the relationship between radiation and
evapotranspiration [143], the disturbance of additional water loss in the
farmland caused by radiation, Viyq iand, can be expressed by (4.24). In
addition, the evaporative loss from a farm reservoir can be defined as in
(4.25) [144]. The water loss from reservoir Vi ,¢s(t) is defined as (4.27) .
Precipitation and high evapotranspiration/evaporation are both likely to

occur during the cotton growing cycle.

Viva 1ana(t) = 0.408 - (R™U(t) — RIY) - Zjpg - 1076 (4.24)

avg

_ 0.67 - Epan  Lres * 10_6

Veva_res(t) = (4.25)
res(t) =
- Vupper : 10% (4 26)
‘/se_res (t) - 8760
VL res(t) = Veva_res(t) + Vie res(t) (4.27)
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where 0.408 is the conversion factor of evaporation volume [143]; R"(t)
is the hourly radiation value (MJ/m?/h), and RZ% is the monthly aver-
age value of radiation, and both values are obtained from BOM. In (4.25),
Veva_res (t) is the hourly water loss of the reservoir due to evaporation, 0.67
is the evaporation conversion factor [144]; E,,, (mm) represents evapora-
tion from a class A open pan for the period; in this case, ), is 673.9 mm
which represents the summation of the mean monthly pan evaporation of
November, December in 2019 and January in 2020 [145]; and T}, is the
total hours in these three months which is used to convert the total pan
evaporation to hourly data (e,g., Tp, = 2,088 h in this study); in (4.26),
Ve res 18 the hourly seepage loss of the reservoir, where it is assumed
that the annual farm reservoir seepage loss is 10% of the reservoir upper

bound volume [146]. Considering both the rainy season and hot weather,

the water flowing from the reservoir to cotton farmland, V9 (t), is defined

as (4.28)

’

0, if VR_land(t) - Veva_lcmd(t) > V;i()(t)
Via(t) = 4 (4.28)

Vdo(t) - VR_land(t) + V;zva_land(t)a else

\

where Vyo(t) is the irrigation water demand.



4.3.2 Scenario 2. Islanded MG with battery storage

The studied cotton farm has not yet installed battery storage. Nevertheless, the
farm owner wants to go off-grid with a battery storage system in the future [147].

Table 4.3: Parameters of islanded MG case study

Ttems Values

Energy coefficient (o) 0.2417 L(Diesel)/kWh
Average diesel consumption

of lifting 1 ML water per meter 1.1 L/(ML -m)
Average diesel price in 2016 1.15 AUS/L

Battery storage capacity 20 kWh

Rated power of the battery

(charge/discharge) 10 kW

[. Baseline of the islanded microgrid system

In this baseline case, we use the parameters in Table 1 and replace the grid
power supply with diesel generators without battery storage, and the owner
manually controls all three pumps. Operating cost is the cost of diesel fuel

consumption.

II. Islanded microgrid with battery storage via MPC

It is assumed that a 20 kWh battery storage is added to this islanded MG
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system, and the impact on operating cost is analyzed. Figure 4.7 shows the
islanded MG system of the cotton farm composed of PV, battery storage,
and diesel generator. Electric pump #1 (75 kW) and electric pump #3 (37
kW) are the loads to be driven by this system. Pump #2 (75 kW) is driven
by a diesel engine directly, and the diesel consumption of the 75 kW pump
motor is 18.13 L/h. The pumping system operating costs are only diesel
consumption. System operating cost can be optimized by controlling the

on-off state of the three pumps. The parameters used are shown in Table

4.3.
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Figure 4.7: Islanded microgrid simulation model
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4.3.3 Results and discussions

To validate the proposed MPC approach, grid-connected and islanded MG oper-
ational modes are considered here. The whole irrigation season is 87 days only;
therefore, the MPC approach is compared with the baseline case over this whole
irrigation period. The above 87 days are sampled each hour, and the total con-
trol period is 2088 hours. The baseline data are found from the 2016 historical

irrigation data from a cotton farm at Gunnedah, New South Wales, Australia

[. Comparison of simulation results of MPC with Baseline

This section compares manual control (baseline) with the open-loop and
closed-loop MPC solutions under grid-connected and islanded conditions,
where we assume the same water irrigation demand for these different cases.
The open-loop solution is derived from (4.20) over the first 24 hours. The
MPC solution is also derived for the same 24 hours, but its component is
derived by iteratively solving the optimization problem over the moving 24
hours horizons. Figure 4.8 shows the changes of the reservoir water volume
under baseline and MPC within the prediction horizon (24 hours); the base-
line curve shows that the water level is decreasing, while the MPC curves

keep the water level around 500 ML. Table 4.4 shows the operating cost
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and the volume of water pumped for manual control, grid-connected and
islanded open-loop optimization and MPC approach to control water pumps
within 24 hours. The baseline case has the cheapest operating cost, i.e.,
AUS$ 399.5. And because the baseline case has only pump #1 working in
the first 24 hours, the reservoir water is dropped to 495.8 ML. The oper-
ating costs of grid-connected and islanded MPCs are AU$ 411.61 and AUS$
408.37, respectively, because MPC has predicted the water demand after
the first 24 hours and can provide better control. The open-loop solution
of grid-connected and islanded MGs has a higher operational cost than the
corresponding MPC solutions, and their remaining reservoir water volume is

also lower than MPC.
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Figure 4.8: Reservoir water volume changes in the baseline, grid-connected and islanded cases

II. Comparison of results in different scenarios of grid-connected MG
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Table 4.4: Comparison of each pumping control mode in 24 hours

Total operating cost Pumped water

(AU$) (ML)
Baseline 399.5 12.30
Grid-connected open-loop 429.61 14.7
Grid-connected MPC 411.61 18.38
Islanded open-loop 429.78 16.10
Islanded MPC 408.378 17.46

This section compares the MPC and its robustness in the different scenarios

defined in Section 4.3. The comparison includes the pumping volume and

operating costs for the following scenarios in the 87-day irrigation period:

a The manual control models.

b The MPC model without disturbance.

¢ The MPC model with rainy season disturbance.

d The MPC model with both the rainfall and high evaporation season dis-

turbance.

e Case i. Baseline case: The baseline case is the existing manual con-

trol result, which is calculated from the historical water pump power
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consumption data, water head, and the volume of pumped water. The
manual operation is controlled based on the farmer’s personal experi-
ence. The total baseline operating cost is AU$ 39,580 over the whole

irrigation period, and 1,180.7 ML water is pumped within this period.

Case ii. MPC — without disturbance: Now consider the case of
the MPC approach where disturbances from rain and evaporation are
ignored. The MPC optimization horizon is [m, m + 24|, and the solution
is recalculated for each m = 1,--- ,2088. The real-time measured reser-
voir water level is fed back to the MPC controller as the initial reservoir
water level for each optimization period. Figure 4.9 shows the obtained
reservoir water volume under this closed-loop MPC solution. By this
MPC approach, the operating cost can be reduced while maintaining
properly the reservoir water level within an acceptable range. The re-
sults are shown in Table 4.6, where the total operating cost under MPC
is AU$ 27,556 for the whole irrigation period, which is AU$ 12,023.5

lower than the baseline.

Case iii. MPC — with rain season disturbance: Now consider the
disturbance caused by rain and precipitation data from November 2016

to January 2017 is considered. During the considered period, there were



three occurrences of heavy rainfalls which brought significant changes
to the water level of the reservoir. For example, from December 23
to December 24, 2016 (i.e., 1300” to 1315 hours in Figure 4.9, 41
mm /m? precipitation was received which brought 39.28 ML water to
the reservoir. Then the MPC solution stops the water pumps during the
1274 hour to the 1399 hour due to the received rainwater, and the
pumps remain to be switched off until the reservoir water level drops to
500 ML. Due to the additional water contributed by the rainy season,
the operating cost during the whole irrigation period is A$16,019.5 (e.g.,
40.47%) lower than the baseline period which is calculated from Table

4.6.

Case iv. MPC — with rainy and high-evaporation days: In hot
weather, the hourly evapotranspiration and evaporation are higher than
the monthly average, and it is added together with precipitation data to
the case study to calculate the MPC solution. The evapotranspiration
and evaporation data can be calculated based on the hourly radiation
data from Bureau of Meteorology (BOM). Figure 4.9 shows that after
high evaporation and precipitation disturbances are added to the sys-

tem, the highest water volume in the reservoir reaches 552.8 ML, and
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the lowest volume reaches 488.2 ML. However, when the disturbance is

removed, the water level still returns to around 500 ML.

Table 4.5 compares the working hours and operating cost for all three pumps
under open-loop and MPC solutions; Table 4.6 presents the pump operating
hours and costs, along with the amount of water pumped during the entire
irrigation period; and Figure 4.9 illustrates the reservoir water level under

different control scenarios.

Table 4.5: Open-loop optimization and MPC before disturbance 24 hours (1268 -1291° hour)

results comparison

Pump #1 75 kW Pump #2 75 kW Pump #3 37 kW Total op-

Test cases
erational

Work  Water lift | Work ~ Water lift | Work ~ Water lift | cost

hours (ML) hours (ML) hours (ML) (AUS)
Case ii (open-loop) | 4 2.13 9 4.79 4 2.71 261.37
Case ii (MPC) 8 4.25 10 5.32 5 3.89 279.39
Case iii (open-loop) | 4 2.13 9 4.79 4 2.71 261.37
Case iii (MPC) 5 2.66 2 1.06 1 0.68 103.92
Case iv (open-loop) | 8 4.25 13 6.91 10 6.77 429.4
Case iv (MPC) 5 2.66 3 1.6 3 2.03 198.31

This MPC algorithm is implemented using MATLAB 2021b with IBM CPLEX
12.10.0 on a laptop with Intel (R) Core (TM) i7-8650U CPU @ 2.11GHz and
16G RAM. Now we can compare the open-loop and MPC results under the

disturbance situations in Table 4.5. One of the rainfall disturbances occurred
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Table 4.6: Results over the entire irrigation period

Casei Caseil Caseiii Caseiv

Pump #1

Energy consumption (kWh) 71,386 36,450 32,700 50,250

Water lift (ML) 506 25842  231.82  356.26

Pump #2

Energy consumption (kWh) 63,527 62,775 50,250 35,625

Water lift (ML) 450.4  445.05 365.26  252.57

Pump #3

Energy consumption (kWh) 12,242 26,048 21,349 23,310

Water lift (ML) 22421  477.07  391.00 426.92

Total operational cost (AU$) 39,5680 27,556 23,560 26,278
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Figure 4.9: Reservoir water volume changes in the baseline and grid-connected cases under

different scenarios
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during 1300"" — 1315 hour, and one of the high evaporation disturbances
occurred during 12815 — 1288 hour, we use starting time 1268 hour and
ending time 1291%" hour for the simulation. In Case ii, the MPC method has
a higher operational cost than the open-loop solution because the MPC solu-
tion can predict the next 24 hours, which will have high water demand, and
consequently, 3.83 ML more water is pumped than the open-loop solution
during the same period. In Case iii, open-loop optimization is not affected
during the 1268 — 1291%" hour, which has no rainfall. Thus, we can find
its optimization results are the same as those of Case ii; however, the MPC
method uses predicted information up to 1315 hour, which covers one of
the rainfall disturbance periods. Therefore, the MPC solution in Case iii has
AUS$ 157.45 lower in operational cost than the open-loop solution. In Case
iv, high evaporation disturbance can affect both MPC and open-loop, but
the operating cost of MPC is AU$ 231.09 lower than open-loop operation.
From Table 4.6, the operating cost of Case ii is AU$ 12,024 lower than Case
i; and in Case iv, 33.6% of annual irrigation operating costs can be saved
from Case i, which implies 20.7% less energy purchased from the grid. The
operating cost of Case iv is higher than that of Case iii, but AU$ 1,278 is
lower than that of Case ii. The operating costs of all the MPC solutions are

less than that of the baseline.



IIT. Comparison of results in different scales of islanded microgrid with

battery storage

In the case of islanded MG, MPC is designed to reduce the operating cost
of the islanded MG. In order to show the impact of different scales of MGs
on the cotton farm, it is assumed that the current solar and battery systems
(denoted as small MG) are increased to four times (denoted as large MG);
see also Table 4.7. Figure 4.10 shows the comparison results of baseline and
MPC with 2 different MG scales (small MG and large MG). From Figure
4.10, the utilization rate of the MG pumps (Pump #1 and Pump #3) in the
baseline is not as high as that of the MPC method; this is because the water
volume pumped by the independent pump #2 in the baseline is obviously
greater than the amount of water pumped by the small MG or large MG.
Furthermore, Figure 4.10 shows the percentage of energy utilization. During
the 87-day irrigation period of the baseline, solar energy contributed 9%
(13,820 kWh) of the total energy. However, the use of diesel fuel provided
91% (133,335.5 kWh) of the total energy. In the MPC-based small MG case,
the contribution of solar and diesel energy is 16% and 84%, respectively.
In the MPC-based large MG case, solar energy contributes 64%, and diesel

energy contributes 36% of the total energy.
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Table 4.7: Islanded microgrid parameters

Islanded small MG Islanded large MG

PV size 50.6 kW 202.4 kW

Battery capacity 20 kWh 80 kWh

Table 4.8: Computation details of the case study

Number of wvari- Number of constraints Total calculation

ables per iteration  per iteration time (s)
Grid-connected MPC with-

288 161 5,420
out disturbance
Grid-connected MPC with

288 167 5,711
rain disturbance
Grid-connected MPC with
rain and evaporation distur- 288 184 6,460
bance
Islanded MPC 264 230 12,380
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Figure 4.10: Islanded MPC and baseline comparison

Figure 4.11a shows the daily energy production from the small MG com-
ponent to meet the pump load. The main energy for pumping water is
diesel, and the 20 kWh battery discharged energy around 0.1% ~ 0.2% of
the required energy. In Figure 4.11b, the PV size and battery capacity are
increased to 4 times; thus, the energy from diesel power generation decreases
significantly, and the PV energy production is significantly increased. Fur-
thermore, the battery discharges 3.1% ~ 3.2% energy to the pumping system,
and the daily data of battery output energy for one week are shown in Fig-
ure 4.12, where the positive value means discharge and negative one means

charge. It can be seen that the battery output of the large MG is notably
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higher than that of the small MG case. With the MPC approach, the uti-
lization rate of renewable energy in the small MG case is 7% higher than
the baseline under the same PV and battery storage conditions. In Figure
4.12 only the first 7 days of the irrigation period are shown. This particular
phase is characterized by high demand for water, and in order to meet this
demand, energy from the PV system of the small MG is utilized to power
the pumps with no excess power to charge the battery. As a result, there is
no need for power charging or discharging of the battery on days 1, 5, 6, and
7. On the other hand, the large MG has the capability to optimize its op-
erations by utilizing excess energy for charging and discharging the battery
more frequently during the same period. This means that the large MG can
take advantage of surplus energy to store it in the battery for later use or to
discharge it when there is a higher demand for power. The diesel utilization
rate for the small MG is 91% of the Baseline case during the entire irrigation
period. However, increasing the MG scale to 4 times in the large MG case
can make the renewable energy utilization rate reach 64%. Therefore, diesel
usage is reduced to 36%. The operational cost of the baseline can be ob-
tained through total energy from case i, and then times diesel coefficient and
price from Table 4.3. Table 4.9 shows that the operation cost of the small

MG under MPC is AU$ 9,738 lower than the baseline, but the water volume



pumped by the small MG under MPC is 4.1 ML lower than the baseline,
and the reduced volume is compensated by the water stored in the reservoir
to satisfy the irrigation requirement. In the large MG case, the amount of
water pumped is 1 ML lower than that of the small MG, but the operating
cost is AU$ 4,503 lower than the small MG. The large MG under MPC has
the lowest operating cost of AU$ 26,661, while the baseline has the highest
cost. To solve the considered optimization problems, Table 4.8 presents the

detail of the computation size and the calculation time for each simulation.
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Figure 4.11: MPC results comparison of small and large microgrids
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Table 4.9: Operating cost comparison of islanded microgrids

Islanded small MG Islanded large MG

Baseline
with MPC with MPC
Total operating cost (AU$) 40,902 31,164 26,661
Pumped water (ML) 1,180.7 1,177.6 1176.6
40 -
30~ I —Large MG battery output energy
—Small MG battery output energy
20 -
= 10
- |
§ 0 “ H H “ ” “ [ H |'|
@ U
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Days
Figure 4.12: Small and large MG battery output energy comparison
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4.4 Case study 2 - MPC simulation on Waverleigh cotton

farm

The Waverleigh cotton farm is located 25 minutes away from Narromine, New
South Wales. This cotton farm installed Australia’s largest solar-diesel MG bore

pumping water pump system in September 2018.

4.4.1 Wayverleigh cotton farm background

Since the farm is far away from the utility grid, diesel-driven water pumps are the
main energy consumption of cotton farms. In September 2018, the REAQUA™
company installed a 500 kW off-grid MG system for the cotton farm and used a 250
kW electric motor to replace the diesel-driven motor for one of the water pumps.
Therefore, diesel generators and solar energy are seamlessly blended through VSD
and inverters. In the water flow, all the pumps pump water into the Turkey Nest
Dam, and the water from the dam is used to irrigate crops by gravity which is
the same method as the aforementioned case study. The pumping system block is

shown in Figure 4.13. Table 4.10 shows the Waverleigh cotton farm’s information

used for the simulation, which is taken from [148]-[150].

In this case study, an existing MG system with the designed MPC operation

approach is simulated, which is based on the 2018-2019 pumped water historical
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Figure 4.13: Pumping system block of the Waverleigh cotton farm

Table 4.10: Waverleigh cotton farm’s parameters

Ttems Values
MG bore Pump #1 rated power (Prqte1) 250 kW
Independent bore Pump #2 rated power (P2 ) 250 kW
Farm area 5 x10% m?
Bore pump #1 head 90 mTDH
Independent bore pump #2 head 90 mTDH

Average energy for lifting 1 ML/mTDH

Average water demand (W)
Maximum allowed water usage
Reservoir capacity

Installed solar PV capacity

Diesel price in 2019 (after subsidy)

4.55 kWh/ML/mTDH
6.5 x10~* ML/m?
3500 ML/year

1300 ML

500 kW

1.45 AUS$/L
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Figure 4.14: Pumped water and energy usage of MG pump #1
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data of the hybrid energy-based pumping system. Based on the historical analysis
of the MG bore pumps, combined with the irrigation water demand of 5 x 108
m? cotton fields, Figure 4.14 shows the energy consumption and pumped water
volume of the MG bore pump in a year. Based on [151], we obtained the energy
consumption information of the Waverleigh cotton farm under the current oper-
ation mode, which is shown in Table 4.11. Therefore, the manual control mode
for the existing MG energy consumption is used as the benchmark. The MG bore
pump pumped 76.8% of the total annual water demand, which is about 2,688 ML.
The usage of hybrid-power bore pumps saved 43% of the diesel used for pumping
water throughout the year, which is 165,000 litres of diesel, compared with the
non-MG case. The average price of diesel in 2019 is AU$ 1.45/L; so the diesel cost
saving is AU$ 239,250. Therefore, the total operational cost of the benchmark is

AU$ 317,145 in 2018-2019.

Table 4.11: Waverleigh cotton farm’s energy usage benchmark

Items Values
Total water demand 3,500 ML
Total diesel consumption 383,721 L

Total operational cost of pumping water AU$ 317,145

[. Scenario 1. MPC simulation for an islanded microgrid without

battery storage in Waverleigh cotton farm
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As all of the pumps in this studied cotton farm use VSD technology, the
input energy of the motor can be changed based on demand. Therefore, in
the simulation related to VSD pumps, the continuous real value of power is
adopted for the MG pump #1 input power. The water flow rate in this case

study can be expressed in the following equation:

1000 um motor X Pinpur
Qflow = X Mpurnp X Mimotor X P % 3.6 (429)

gxX px H

where Q) 1o, 1s the pump flow rate (ML/h); Pi,pr is the pump input power
(kW); g is the gravitational constant (9.81 m/s?); p is the density of water
(1000 kg/m?); H is the head developed by the pump (m); 7,ump is the pump
efficiency (75%); Nmotor is the motor efficiency (90%) [152], and the value
3.6 is the constant for converting water flow from m?/s to ML/h. In this

simulation model, Equation (4.6) can be specified for this cotton farm as:

0< ul(t) X Prate,l x 1 ullnd(t) X Prigtdal x 1 < Vmaa: x 1

(4.30)
= 455 % 90 4.55 x 90 =2
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0<ut) <1 (4.32)

Qflow 1(t) = u1(t) X Prate (4.33)
QU1 (t) = u"(t) x P | (4.34)

where u;(t) and u{"(t) are the continuous control variable for the MG pump
and independent pump, respectively. @ fiou,1(t) and Q’ﬁgw ,(t) are the wa-
ter flow rate of the MG pump and independent pump, respectively. Conse-
quently, Equations (4.33) and (4.34) can calculate the pumped water volume
from the MG pump and independent pump. Figure 4.15 shows the hourly

water changes of the dam under the MPC for an islanded MG, which is based

on the historical irrigation water demand from 2018 to 2019.

Scenario 2. MPC simulation for an islanded microgrid with bat-

tery storage in Waverleigh cotton farm

Based on the situation of the Waverleigh cotton farm that the current MG

cannot use the excess energy, we consider using a battery ESS to store the
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Figure 4.15: Dam water level changes under the MPC for an islanded microgrid

excess energy of the solar system and supply energy to the hybrid-power bore
pump at other times. Due to the wide variety of battery storage, we assume
that the TESLA™ Powerall | series! is used in this case, and we perform

a simulation based on the characteristics of Powerwall +.

Table 4.12: Tesla™ Powerwall - specifications

Ttems Values

Energy capacity 13.5 kWh

Continuous power output (No sun) 7 kW

Farm area 5 x108 m?
Inverter efficiency 97.5 %
Stack maximum number 10 unit

Thttps:/ /www.tesla.com/sites/default /files /pdfs /powerwall /Powerwall%202 AC_Datasheet en AU.pdf
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Figure 4.16: Hourly SoC curve of the 135 kWh battery during the year

Therefore, we assume that the largest capacity battery storage system is
installed in the farm. Thus C),, = 135 kWh; P} and Pj% can be

defined as in the following.

mar — prmar 75 97.5% x 10 = 68.25kW (4.35)

Then we add the battery storage system to the scenario 1 simulation model,
execute the MPC optimization algorithm, and compare the savings in op-
erating costs. Figure 4.16 depicts the battery SoC curves for the proposed

case study.



4.4.2 Results and analysis of case study 2

Based on the historical data of Waverleigh cotton farm’s annual water pump
operation and PV-based MG operation, this case study simulates two different
scenarios, which are the islanded MG without battery ESS and islanded MG with
a 135 kWh battery ESS. The simulation of this case study runs for 8760 hours (365
days) of the calculation horizon, the time interval is 1 hour, and the prediction
horizon is 24 hours.

—Microgrid without ESS

2500 —Microgrid with ESS

2000

1500

Cost (AUS$)
=
(=)
o
I

500 -

Figure 4.17: Operational cost curves of Scenario 1 and Scenario 2

Now, we compare the simulation results of MPC with the benchmark. The bench-
mark describes the manual control method currently used at Waverleigh cotton
farm. Figure 4.17 shows the average daily operating cost curve comparing scenario

1 and scenario 2.
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As shown in Figure 4.17, the daily operating cost of an MG with a battery ESS
is lower than that of an MG without a battery ESS most of the time. In the
first 4 months, due to the peak irrigation period, the average daily operating cost
was around AU$ 2,000. On non-irrigated cotton field days, the operating cost
was reduced, and the average daily operating cost was around AU$ 200. Based
on the MG bore pump 1’s historical data at this cotton farm, Figure 4.18 shows
the daily energy consumption curves of MG pump 1 in the benchmark, scenario

1 and scenario 2 during the whole year.
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Figure 4.18: Energy consumption curves of MG pump #1 in 365 days

To evaluate the impact of MPC approach on operating costs, Table 4.13 compares

the operating costs of the three scenarios.

In Table 4.13, the operational cost of the MG without ESS under MPC is AU$
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Volume (ML)

Table 4.13: Waverleigh cotton farm operating cost comparison (Nov 2018- Oct 2019)
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Figure 4.19: Dam water volume changes of Scenario 1 and Scenario 2 in 365 days
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74,175 lower than the benchmark, and the operational cost of the MG with ESS
is the lowest of the three scenarios which have AU$ 82,885 savings per year when
compared with the benchmark. In this case, the amount of water pumped is
similar between the benchmark and Scenario 1, but the average operating cost
of all the scenarios is consistent with the benchmark, which is between 70 to 71
AUS$/ML. Figure 4.19 shows the daily dam water volume changes of scenario 1
and scenario 2. The blue dotted curve shows the dam water volume changes of
scenario 1 which has no ESS. The water volume slightly decreases in scenario 1
because there is no ESS to store the excess energy, and the dam needs to store
more water as there will be less energy available for pumping water, but without
exceeding the maximum water usage (e.g., 3500 ML /year). For scenario 2 with
ESS, the battery storage can store the excess energy. Thus, only a smaller amount

of water is needed in the dam, and if needed, more water can be pumped by using

ESS.

4.5 Summary

This chapter introduces an MPC approach to minimize the operating cost for the
MG of an Australian cotton farm. Disturbance from evaporation, seepage and

rain is studied to illustrate the robustness of the MPC approach. Case study 1
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shows that in this MPC solution, the grid-connected cotton farm MG under the
underlying disturbance can reduce its annual irrigation operating costs by AU$
13,302, or 33.6%, compared to the Baseline; it consumes the energy of 51,161.5
kWh, i.e., 20.7% less energy purchased from the grid, which is under climate-
impacted conditions in the same year. Meanwhile, in the small islanded MG case,
the proposed MPC scheme improves the clean energy utilization rate of 7%. It
reduces the diesel consumption of 8,467 L, equivalent to saving the operating cost
of AU$ 9,738, compared with the Baseline of the islanded case. In the case of
the large-scale islanded MG, the utilization rate of clean energy is achieved at
64%, and the operating cost compared with the Baseline is also reduced by AU$
14,241, i.e., 34.8%. Case study 2 uses another cotton farm’s scenarios to validate
the MPC approach that can help farm owners reduce their operational costs under
the existing MG. Compared with the benchmark of case study 2, the MG without
ESS can save AU$ 74,175 of the operational costs under MPC which is 23% of
the benchmark, and the MG with ESS can achieve 26% operational cost saving

under MPC operation.
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Chapter 5

A Scenario-based Stochastic Model
Predictive Control Approach for
Microgrid Operation at an Australian

Cotton Farm Under Uncertainties

5.1 Introduction

In the previous chapter, we introduced the classical MPC approach for MG opera-
tion to reduce the operational cost of the water pumping system in the cotton farm
by utilizing RES efficiently. However, different to conventional power generation,
renewable energy (such as solar) is always intermittent, which brings significant

uncertainties to power generation and scheduling [153]. In recent years, more
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and more literature has combined small-scale agricultural RES with traditional
generator sets to establish the MG system, which is considered an emerging way
to absorb RES on the demand side. Therefore, the operational cost can be re-
duced by improving the utilization rate of renewable. MPC has advantageous
features to operate MG owing to its capability to handle uncertainties [154]. Ac-
cordingly, MPC methods have been widely applied to MG operations. In [155],
an MPC method using mixed integer linear programming is adopted to solve the
MG operation problem while satisfying time-varying operational constraints. In
addition, Ref. [156] proposes an online optimal operation method for combined
cooling, heating, and power MG systems based on MPC, which compensates for
prediction errors through two hierarchies of feedback correction. The above stud-
ies emphasize the robustness of MPC and note that uncertainty will affect the
results; however, the uncertainties are not modelled. Many studies have discussed
methods of generating appropriate scenarios to model uncertainty [157]. A non-
linear programming method based on scenario trees is proposed in [158], in order
to generate a large number of scenarios and then reduce them to a limited num-
ber of discrete matrices as the typical scenario results. Ref. [159]| presents a
stochastic programming method using scenario generation to deal with stochastic
load and wind power uncertainty. In [160], the energy storage system operation
scheduling problem is formulated as a two-stage stochastic programming model
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based on the scenario-based method. In addition, there are several studies using
scenario-based approaches to build stochastic models in MG operation studies. In
[161], the uncertainty of RES output power and load demand forecast errors are
modelled by scenario-based techniques for optimal energy management of MGs.
A RES stochastic model is adopted in [162], which uses the scenario reduction
process to convert the stochastic problem into many deterministic problems with
different probabilities and then optimizes each deterministic problem. The above-
mentioned literature focuses on mathematical algorithms, but the description of

the uncertain phenomena and effects in the actual applications is limited.

On the other hand, scenario-based stochastic MPC has been applied to smart grid
operation area [163|. Ref. [164] introduces different classifications of the available
methods based on the dynamic characteristics of the system, management of the
probabilistic constraints, feasibility, and the properties of convergence. Addition-
ally, Ref. [165] provides an overview of the core concepts related to MPC and
stochastic optimal control under uncertainties and discusses the disturbance esti-
mation and the impact of the estimation quality on MPC performance. In [166], a
scenario-based MPC approach is proposed through a data-driven machine learn-
ing method. Ref. [167] implements a scenario-based MPC controller for heating,

ventilation, and air conditioning systems in buildings. Furthermore, a scenario-
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based model predictive operation control of rural area islanded MG is proposed
in [168]. Nevertheless, the methods mentioned above do not accurately model the
uncertainties from different sources and do not compare the impact of different un-
certainty models on the optimization results for grid-connected MG and islanded
MG. Chapter 4 takes advantage of the MPC strategy to minimize the operational
cost of the cotton farm MG system in Australia. This chapter extends the study
in Chapter 4 and proposes two uncertainty models (i.e., static scenario-based and
dynamic scenario-based uncertainty models) to assist the optimal operation of
cotton farm MG under uncertainty during an irrigation period. Here, the static
scenario-based uncertainty model refers to the case that the uncertainty dataset
for scenario generation and reduction is fixed for the entire irrigation period, and
the resultant typical scenarios are used for all the MPC iterations. On the other
hand, in the dynamic scenario-based uncertainty model, the uncertainty dataset
will be dynamically updated for scenario generation and reduction along with the
moving time horizon within MPC; consequently, the corresponding typical sce-
narios are dynamically updated within each MPC iteration. After deciding the
uncertainty scenarios using either the static or dynamic scenario-based methods,
a stochastic MPC strategy is proposed for the above two uncertainty models.
The demand and weather uncertainties on both grid-connected MG and islanded
MG are also considered. This study uses the SCENARD toolbox [169] based on
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the Kantorovich distance [170] method to deal with uncertainties. CPLEX 12.10
with MATLAB is used to solve the underlying optimization problems. Therefore,
the novelties are to consider both static and dynamic scenario-based uncertainty
models and their impact on both cotton farm grid-connected MG and islanded
MG. The remaining part of this chapter is organized as follows. Section 5.2 de-
scribes the cotton farm MG and scenario-based uncertainty models. Section 5.3
presents a case study to simulate the proposed methodology based on the actual
data from a cotton farm in New South Wales. Section 5.4 discusses the simulation
results for each case, and Section 5.5 summarizes the chapter by highlighting the

significant meaning of the main results.

5.2 MPC of cotton farm microgrids and scenario-based un-

certainty modelling

Based on the current situation of using hybrid RESs and the geographical location
of general Australian cotton farms, the MG system in Australian cotton farms can
be divided into grid-connected MG and islanded MG. Therefore, the following
assumptions are used to model the studied cotton farm MG. Cotton farms have
their own water storage system for irrigation and tailwater recovery. The pumps

will pump water from the bore or river into the reservoir, and the siphon pipes are
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used for the water to flow from the reservoir to irrigate cotton farms by gravity.
Note that this study does not discuss tailwater recovery. Therefore, the volume
of irrigation water is the cotton planting water demand, and the water balance
model in Section 5.2.2 is built based on these assumptions. The most popular
RES in Australian cotton farms is solar PV. Consequently, this study uses PV
to build the grid-connected MG which allows excess energy to be fed back to the
utility network. Figure 5.1 shows the working architecture of the grid-connected
MG in a cotton farm, where the MG river pump or MG bore pump means these
pumps all connected to MG, and the independent pump is the pump that cannot
be connected to the MG, but connected to the grid directly. The islanded MG
can be built by PV, battery storage, diesel generator, and a dummy load, where
the dummy loads refer to loads that can consume excess energy to balance the
generation-load relation. The excess energy can be stored by battery storage or
absorbed by the dummy load. Figure 5.2 illustrates the working structure of
the islanded MG in a cotton farm, where the load is made of the dummy load,
MG pumps powered by the MG, and the independent pumps driven by a diesel
motor directly. The MPC methodology has an excellent performance in predictive
control and handling uncertainties, which is suitable for cotton farms challenged
with climate change and operational cost reduction and therefore adopted in this
study. As for uncertainty modelling, we take advantage of the scenario-based
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approach to generate and reduce scenarios based on historical data to build the

stochastic model.

Moorki river Evaporation

11)

sl Water flow :
Cotton field

Figure 5.1: Grid-connected cotton farm microgrid and pumping water system
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Figure 5.2: Islanded cotton farm microgrid and pumping water system
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5.2.1 Power balance model of grid-connected microgrid

In this section, we consider the grid-connected MG which consists of only PV.
The power balance can be represented as (5.1), and Equation (5.2) represents the

total PV power based on installed PV panel numbers; see also Section 4.3.1.

Pioiar(t, 8) + Pyria(t, s) Zaz (t,5) x PMC .+ Ppi(t, s) (5.1)
Pyoiar(t, ) = o x PP (¢ ) (5.2)
S.t.
0 < Pyralt,s) < &(t,s) x Plotal (5.3)
0 < Pyi(t,s) < [1—&(t,s)] x PRo (5.4)

where ¢ is the index of pumps; K denotes the number of MG pumps; x; is the
binary control variable for the pump’s on/off state in grid-connected MG; s repre-

sents the index of typical scenarios; Psoqr is the PV power generation (kW); Py,iq

PMG

ump.i indicates the rated

is the power purchased from the utility grid (kW);
power of i pump connected to MG (kW); P;; expresses the feed-in power to the

grid (kW); Plotl is the sum of all the pump’s maximum rated power (kW); o

denotes the number of installed PV panel units; P>

- olar represents the power out-

put of a single PV panel (kW); £ is a binary variable indicating the grid energy

129



import or export, with £(¢,s) = 1 meaning that MG purchases energy from the

grid (import) at time ¢ in scenario s, and (¢, s) = 0 meaning the MG sells energy

max
7

to the grid (export) at time ¢ and scenario s, and P}** indicates the maximum
power allowed to be fed into the grid (kW). Equations (5.3) and (5.4) represent
the constraints that power purchase from the grid and feed-in to the grid cannot

happen at the same time.

5.2.2 Power balance model of islanded microgrid

An islanded MG consists of PV, diesel generators, and battery storage. Due to
the remote location of cotton farms, the cost of connecting to the grid is too high.
Therefore, a common solution is using diesel generators as a backup energy source
to build an islanded MG with renewable energy. The battery storage can help
save diesel fuel during the irrigation period by storing excess energy, while the
dummy load is used to consume the excess energy if the battery is full. Therefore,

the power balance can be established as in (5.5).

K
Z Ii(t, 3) X P%gp,i + Pcharge(t7 S) + Pdum(ta S) -
=1

Psolar(ta S) + Pdiesel(ta S) + Pdischarge(ta S) (55)
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where, Peparge and Pgischarge Tepresent the charge and discharge power of the
battery storage, respectively; Py, (t, s) is a dummy load at time ¢ and scenario s
used to consume the excess energy when the battery is fully charged; and Pyjecser

is the power generated by diesel generator (kW).

5.2.3 Battery model for islanded microgrid

In the islanded MG system, storing and utilizing excess renewable energy can
save operational costs. In this study, we consider the low-cost lead-acid battery
for energy storage systems and compare the degradation cost with its energy cost
saving. Battery charging and discharging can be decided by several parameters,
e.g., battery capacity B, (kWh), charging and discharging efficiency 7. and 7.
Equation (5.6) illustrates the SoC model, and Equations (5.7) - (5.9) list the
SoC limits and the constraint that charging cannot happen at the same time as
discharging. On the other hand, a battery can store energy, but charging and
discharging also cause battery degradation. Equations (5.10) - (5.11) show the
Lead-acid battery storage degradation cost, fs,, based on the Lead-acid battery

degradation coefficient rq [171].

Pcharge(ta 3) X MNe X At o Pdischarge(ta 5) x At

S50C(t +1,5) = S99Y¢t, s) +
( ) ( ) Bcap Bcap X Nd

(5.6)
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s.t.

Smin. < 8°9C(t,s) < Sn0F (57)

0 < Pronarge(t, s) < Epl(t, s) x Pz (5.8)

0 < Puischarge(t, ) < [1 = Ep(t,8)] X Pyt oy (5.9)
Ky = Car (5.10)

Faeg(t, 8) = Panarge(t,8) X At X kg + Pischarge(t, 8) X At X kg (5.11)

where At is the time interval, At = 1 h in this study; S°°¢ indicates the state of

S50C and S59C denote the maximum and minimum

charge of battery storage (%);

SoC, respectively; here we take S29¢ — 10% and S°9C = 100%. P7%*  and

min mazx charge

Biseharge are the charge and discharge limit of the battery storage, respectively;
¢p is a binary variable of battery charge or discharge, with £p(t, s) = 1 indicating
that battery is charged at time t in scenario s and £p(t,s) = 0 indicating the
battery is discharged at time t and scenario s; Cpgg is the battery storage cost

(AUS); K. is the number of the life cycle at the rated depth of discharge (DoD),

and « (%) is DoD of the battery system.
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5.2.4 Water balance model during the irrigation period

The pumps pump water from the bore/river into the reservoir during the cot-
ton irrigation period and the form of energy changes from electrical to potential
energy. Farmers irrigate cotton fields with water from the reservoir by gravity.
Therefore, the water balance is established by the volume of water inflow and

outflow of the reservoir in (5.12).

W(t -+ ].7 S) = W(t, 3) + V[/inflow(t7 S) — Woutflow(t; 3) (512)
Wout fiow(t, s) = Wipp(t,5) + Wena(t, s) + _ Waee (5.13)
’ ’ "2/ 24 % 365

where W (ML) is the total water volume of the reservoir; Wi, 0w (ML) and
Woutfiow (ML) represent the water inflow from and outflow volume to the reser-
voir; Wi, and W,,, are the hourly cotton farm irrigation water volume (ML) and
hourly evaporation volume from reservoir (ML), respectively; Wi (ML) is the
value of average annual seepage from the reservoir, which is 10% of the reservoir
capacity [146]. In the grid-connected MG, all the pumps (including MG pumps
and independent pumps) are electric. In the islanded MG, the MG pumps are
electric, while the independent pumps are all diesel pumps. The water inflow
Winfiow for grid-connected MG and islanded MG are expressed as (5.14), respec-
tively. Also, the daily water usage limit W% (ML) [137| for grid-connected MG

max

and islanded MG are expressed by (5.16).

133



’

t P x At in ptm(¢ P x At
Wingion(t, 8) = SIS, MLl X8y 52l 00 Pilp XS 7 (1 9),

(grid-connected MG water inflow)

pM X At in t Vvin At
I/‘/vmflow(ta 5) = Z;Kl ) pumpl + Zfil x (5f7)zx dws}iinlx + WR_res(tas)a

Econ,i X h diesel,i

(islanded MG water inflow)

\

(5.14)
)
| 1, when the " pump is on
zi(t, s) (or x"(t,s)) = < (5.15)
0, when the i"* pump is off
\
s.t.
)
T K i(t:5)x Py i K 2 (6,8) X Pyt i X
ZH<EH LS Y ><W%%
(grid-connected MG water daily limit for all pumps)
< (5.16)
T K xl(t S)Xpug ZXAt K”L xln ts)xvzese zXAt dail
Zt:l (Zz 1 gconix}f + Z 5;7;eselthin ) Wm?zzxy7
(islanded MG water daily limit for all pumps)
\
T MG
‘IZ t 8 X Ppumpz X At MG, daily
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con,i

zn t S) P;Zmp 4 x At mn dazly
Zt 1 ( cin th <Bzmax )

(grid-connected MG water daily limit for each independent pump)

X (5.18)

Z ”L t 8) Xdeesel L1 x At BZn dazly
t=1 oin X hin i,maxr

diesel,i

(islanded MG water daily limit for each independent pump)

\

where z!" is the binary control variable for the independent pump’s on /off state in

islanded MG; K™ expresses the number of independent pumps; P}EZmpz indicates

the rated power of i independent pump in GMG (kW); WRr res 1s the hourly
precipitation amount into the reservoir (ML); T is the prediction horizon (e.g.,

24 hours); €eon; = €2 . = 4.55 kWh/ML/mTDH is the electricity consumed

con Z

for lifting 1 ML water to 1-metre TDH [136], [172]; denotes the diesel

dzesel )

th

consumption of the " independent pump in IMG for lifting 1 ML water to 1

mTHD (L/ML/mTHD); h; and hi" (mTDH) are the THD of the i* MG pump

and independent pump, respectively. When T' = 24 h, W% ig the maximum

max

amount of water that can be pumped in a day by all the pumps; desel . denotes

the hourly fuel consumption of " independent diesel-driven pump in islanded MG

(L/h). B%g;lmly nd BZ%ZUZIZJ (ML) denote the maximum amount of water that

can be pumped by the i"® MG pump and independent pump in a day, respectively.
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5.2.5 Objective functions

The objective is to reduce the operational cost of the MG. The operational cost of

grid-connected MG and islanded MG are defined in (5.19) and (5.20), respectively.

Y(t,s) = | Pyia(t,s) + ixﬁ”(t, s) X P;Zmp’i
=1
K AL X By (£) = Pralty ) x AL X Bar(t), (5.19)
for grid-connected MG
i
Y(t,s) = |Pucsarlt,s) x p+ Y ai"(t,s) x Vil o,
i=1
(5.20)

XAt X Bdiesel(t) + fdeg(ta 5)7

for islanded MG

where Y (¢, s) is the operational cost of the MG; By (t) and Seen(t) (AUS/kWh)
represent the tariff of purchasing energy from the grid and the feed-in tariff of
selling energy to the grid at the ¢ time, respectively; Bgieser(t) indicates the

tth

diesel price at the t"* time, and v is the electricity to diesel conversion coefficient.

5.2.6 MPC methodology

In order to obtain the result of minimizing the operational cost, the first step is

to optimize the operational cost in a prediction horizon (T) (e.g., 24 hours) with
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the open-loop optimization model (5.21) by considering all the typical scenarios.

Z T
min Z Z As X Y(t,s)

Tl a1 =1

(5.21)

where, s represents the probability of the scenario set s after scenario reduction;
and Z is the number of the typical scenarios. In addition, the closed-loop MPC
model (5.22) is based on (5.21) and moving the prediction horizon to the next
interval with periodically updated system information to provide feedback to the
controller. Figure 5.3 illustrates the closed-loop MPC concept. In this study,
the disturbances encompass RES uncertainty and reservoir volume uncertainty
arising from weather changes. The control variables include each pump’s on/off
states, the battery charge/discharge power, and the power generated by the diesel
generator. The "State/output feedback" is used as an input to the next iteration
to update the system dynamics. The "Control result feedback" reflects the value
of the control variable after each moving horizon, which is optimized in the latest
iteration. The "Predictor" block combines the "State/output feedback" with
the "Control result feedback" to predict the "Future output". Subsequently, the

"Future output" is inputted to the Optimizer block for the next iteration.
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Z T+4+m

min >~ Y A x Y(t,s) (5.22)

- pind
Toli™ o1 t=14m

where the period [1 +m, .-, T+ m] is the window of moving prediction horizon.

Dataset

Cost
function

Control
variabe

Control result
feedback

y

Predictor

Future output State/output feedback

Figure 5.3: Closed-loop MPC model

5.2.7 Scenario-based model

This study proposes scenario-based techniques to deal with uncertainty datasets

for the MG system. Firstly, we need to determine the uncertainties affecting the

operational costs of pumping water on the cotton farm, e.g., RES in the power

balance model, precipitation, evaporation, and irrigation demand in the water

balance model. We propose two scenario-based uncertainty models to process the
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Figure 5.4: Static scenario-based MPC model
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above-mentioned uncertainties, which are the static scenario-based uncertainty
model and the dynamic scenario-based uncertainty model. In the static uncer-
tainty model, the whole uncertainty datasets during the entire irrigation period
are used only once for scenario generation and reduction, and the resultant typi-
cal scenarios are fixed for all the MPC iterations. The computation time of this
uncertainty model is less as the scenario generation and reduction only needs
to be conducted once in the whole MPC time horizon, while the uncertainty
representation accuracy is sacrificed. Figure 5.4 shows the static scenario-based
MPC optimization flowchart. In Figure 5.4, all the uncertain datasets are formed
by matrices and inputted to SCENRED toolbox, where scenario generation and
reduction process are completed. Then the typical scenarios with their corre-
sponding probability are sent to the MPC stage to obtain the optimal operational

cost results.

In the dynamic scenario-based uncertainty model, within each moving time hori-
zon, the future period in close proximity 75" (e.g., ten days or fortnight into
the future) can be chosen with the available historical data. Therefore, the corre-
sponding typical scenarios after scenario generation and reduction are dynamically
updated within each MPC iteration. The dynamic scenario-based model is more

accurate as it uses the data in close proximity to generate the typical scenarios;
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however, the computation time may be an issue due to the necessity of scenario
generation and reduction within each moving time horizon. Figure 5.5 illustrates
the dynamic scenario-based MPC optimization process. The scenario generation
and reduction are updated within each MPC iteration, and the typical scenarios

are continuously updated.

In summary, the difference between the static and the dynamic scenario-based
uncertainty models is that the static one obtains the scenarios once for all; while
the dynamic case needs to update the typical scenarios for the entire process

continuously.

5.3 Case study

5.3.1 Case study overview

In order to simulate the proposed scenario-based stochastic MPC approach for
the cotton farm MG, we use the cotton farm information based on Section 4.3
from a real cotton farm located in Gunnedah, New South Wales, Australia. The
corresponding historical data are used for the irrigation period of 87 days (early
November 2016 to the end of February 2017) in this study. Five different cases
are adopted to compare the results and demonstrate the applicability of the ap-
proach, which include Baseline case and standard MPC, static scenario-based

MPC for grid-connected MG, dynamic scenario-based MPC for grid-connected
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MG, static scenario-based MPC for islanded MG, and dynamic scenario-based

MPC for islanded MG.

Table 5.1: System parameters of the grid-connected MG in the cotton farm

Items Values
MG bore Pump #1 (BMS 1) 75 kW
MG river Pump #2 (P%ﬁpg) 37 kW
Independent bore Pump #1 (P, ) 75 kW
Farm area 3 x10% m?
Bore pump head (hy or hi") 31 mTDH
River pump head (hsg) 12 mTDH

Average energy for lifting 1 ML/mTDH (e.0,) 4.55 kWh/ML/mTDH

Average water demand (W)

Maximum allowed water usage

Reservoir capacity

Average hourly seepage (Wsee/(24 X 365))
Installed solar PV capacity (o x PPe™e)

solar

Fixed-rate tariff in 2016 (Bpuyy)

6.5 x 104 ML/m?
1800 ML /year

800 ML

4.56 m3 /h

50.6 kW

0.26 AUS$/kWh

FIT in 2016 (Bsenr) 0.06 AU$/kWh

5.3.2 Case 1: Baseline case and standard MPC.

The Baseline case is that farmers manually control all pumping systems based on
their irrigation experience, and they can also obtain future weather information
from the Bureau of Meteorology (BOM) or local weather stations. Figure 5.1
demonstrates the equipment layout and irrigation mode of the grid-connected MG

in the study cotton farm. Table 5.1 lists the corresponding system parameters
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in Figure 5.1 [138]. Based on Section 4.3, the breakdown energy cost of the
Baseline case is listed in Table 5.2. While for the standard MPC of this study,
the operational cost of the studied cotton farm is discussed in Section 4.3. For
a comparison of the current study, the Baseline and standard MPC results from

Section 4.3 are shown in Table 5.3.

Table 5.2: The details of the pump operation in the Baseline case in 2016

Values
MG bore Pump #1 work hours 1,034 h
MG river Pump #2 work hours 882 h

Independent bore Pump #1 work hours 360 h

MG bore Pump #1 usage 75,812.33 kWh
MG river Pump #2 usage 63,551.06 kWh
Independent bore Pump #1 usage 12,865.24 kWh
Total operational cost AUS$ 39,580
Total pumped water 1,223.6 ML

Table 5.3: Operational results of Baseline case and standard MPC

Operational cost Total pumped water

MG items

(AUS$) (ML)
grid-connected MG Baseline 39,580 1,224
grid-connected MG MPC 27,556 1,181
islanded MG Baseline 40,902 1,181
islanded MG MPC 31,164 1,178
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5.3.3 Case 2: Static scenario-based MPC for grid-connected MG

In this case, we take advantage of the static scenario generation and reduction
from Section 5.2.7 to obtain ten sets of typical scenarios and the corresponding
probability of each scenario using the 87-day historical data. For the operational
cost optimization, ten typical scenarios are substituted into (5.21). At last, the
closed-loop MPC of (5.22) with a prediction horizon of 24 hours is used to obtain
each pump’s operation status and the operational cost of the entire irrigation

period.

5.3.4 Case 3: Dynamic scenario-based MPC for grid-connected MG

The simulation is based on the dynamic scenario-based uncertainty model in Sec-
tion 5.2.7, which uses the historical data of 14 days ahead of the current time
instant. For this study, we compare both the static and dynamic scenario-based
MPC approaches. Thus, the same historical data are used for this approach. The
differences between the static and dynamic scenario-based approaches are that
in the dynamic one, we obtain 10 typical scenarios based on the moving 14-day
datasets, and the obtained 10 typical scenarios will be updated at each MPC

iteration whenever the optimization horizon changes.
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5.3.5 Case 4: Static scenario-based MPC for islanded MG

Many cotton farm pumping sites in Australia are far from the grid [173]. islanded
MGs using diesel generators, solar energy, and lead-acid battery storage are widely
built on cotton farms. Based on the previous MPC study for islanded MG in
Section 4.3.2, the islanded MG of the studied cotton farm is shown in Figure 5.2,
with the system parameters in Table 5.4. Then, we substitute the historical data
of the studied cotton farm in 2016 and adopt the algorithm proposed in Section
5.2.7. The pump operation during the entire irrigation period can be optimized
for the islanded MG system. Also, the operation cost under uncertainties can be

obtained.

5.3.6 Case 5: Dynamic scenario-based MPC for islanded MG

Dynamic scenario generation and reduction are applied for islanded MG using
the model in Section 5.2.7, and then the operational cost and each pump’s action
can be obtained by the underlying stochastic MPC methodology. In order to
compare both the static and dynamic scenario-based MPC, the same cotton farm’s

historical data are used.
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Table 5.4: System parameters of the islanded MG in the studied cotton farm [174]

Items Values

Diesel conversion

coefficient (1) 0.2695 L/kWh
Diesel consumption

for lifting 1ML /m water (dgiese) 1.1 L/ML/mTDH
Unit price of diesel in 2016

(after subsidy) (Bgieser) AU$ 1.15 /L
Lead-acid battery

capacity (Cpat) 25 kWh

Lead-acid battery

cost (Beap) AUS 2,750
Charge/discharge
efficiencies (7. or 14) 90%

Charge/discharge limit

(Pmac /pmaz ) 15 kWh

charge discharge

Lead-acid battery life cycle

(K, x ) 2000 @ 60% DoD
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5.4 Results and discussions

This section discusses the key results of MPC for cotton farm MG under uncer-

tainties. Scenario generation and reduction methodology are employed to simulate

four different cases (cases 2 - 5), and the results from each case are analyzed and

compared to the Baseline case.

[. Static scenario generation and reduction

148

In this study, the cotton farm data during the irrigation period of 2016-2017
include historical solar generation data, rainfall data [142|, hourly evapora-
tion data of the cotton farm area [175] and the cotton life-cycle water demand
data. For the entire irrigation period, scenario generation and reduction can
be illustrated in Figure 5.6a and Figure 5.6b, respectively. From Figure 5.6a,
it can be seen that all historical data of uncertainty are arranged in groups
of 24 hours each, spanning a total of 87 days. The four different types of
uncertain historical data include hourly PV power generation, hourly rain-
fall, hourly evaporation volume, and hourly water demand. On the other
hand, Figure 5.6b indicates that the historical data of the aforementioned
four types of uncertainties have undergone static scenario generation and

reduction, resulting in 10 sets of typical scenarios, as seen in Figure 5.6b.



PV power profiles Rainfall profiles

b
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N
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(a) Uncertainty data for the entire irrigation period
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(b) Ten typical scenarios after reduction

Figure 5.6: Static scenario generation and reduction for the studied cotton farm
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Figure 5.7: Probability of static typical scenarios
Note that the scenario generation and reduction is only conducted once dur-

ing the entire irrigation period. Each typical scenario has its corresponding

probability, as shown in Figure 5.7.

II. Dynamic scenario generation and reduction

150

In the dynamic scenario generation and reduction method, we take the two-
week data ahead of the current time instant to produce 10 typical scenarios.
For instance, Figure 5.8a and Figure 5.8b show the evaporation curves be-
fore and after scenario generation and reduction methodology in 4 consec-
utive MPC iterations. Note that the scenario generation and reduction on
a small variation of data is conducted in each MPC iteration to obtain the

dynamically updated typical scenarios, as seen in Figure 5.8.
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Figure 5.8: Dynamic scenario generation and reduction by using the future 14-day data
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IIT. Scenario-based MPC operation results for grid-connection micro-
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grid

With the help of the scenario generation and reduction method for the histor-
ical dataset, we implement the close-loop MPC to optimize the operation of
each pump during the whole irrigation period. The hourly control variables
(z; and i) can be obtained by solving (5.19) and (5.22). Figure 5.9a shows
the on/off status of MG bore pump #1 (turned on for 1,125 h), MG river
pump #2 (turned on for 810 h) and the independent pump #1 (turned on
for 176 h), which are controlled under the static scenario-based MPC. Figure
5.9b shows the pump’s on/off status under the dynamic scenario-based MPC,
where MG bore pump #1 worked for 1,031 h, MG river pump #2 worked
for 1,137 h, and the independent pump #1 worked for 76 h. It can be ob-
served from Figure 5.9 that the usage rate of the water pumps connected to
the MG is higher than the independent pump. The utilization rate of the
independent pump in the static scenario-based MPC is slightly higher than
that in the dynamic scenario-based MPC. Table 5.5 shows the comparison of
the proposed scenario-based MPC with the Baseline case and the standard
MPC. The expected value of the operational cost for static scenario-based

MPC is AU$ 22,595, which saves AU$ 16,985 compared with the Baseline
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(a) Pump’s on/off status under static scenario-based MPC
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(b) Pump’s on/off status under dynamic scenario-based MPC

Figure 5.9: Pump’s on/off status for grid-connected microgrid
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case and saves AU$ 4,961 compared with the standard MPC. Moreover, the
expected operational cost value of the dynamic scenario-based MPC is AU$
18,797, which is AU$ 20,783 less than the Baseline case and AUS$ 8,759 less

than the standard MPC.

Table 5.5: Operational result comparison of grid-connected microgrid

Operational cost Total pumped

(AUS) water (ML)
Baseline case 39,580 1,224
Standard MPC 27,556 1,181
Static scenario-based MPC 22,595 1,233
Dynamic scenario-based MPC 18,797 1,238

IV. Scenario-based MPC operation results for islanded microgrid

Table 5.6: Pump’s operational results of the scenario-based MPC for islanded microgrid

Operation hours Pumped water

(h) (ML)
Static z; 515 274
Static x4 995 647
Static xi" 493 262
Dynamic x; 381 203
Dynamic x4 1,094 741
Dynamic z?" 507 270

In order to verify that the proposed approach is also suitable for islanded

MG, we assume the same cotton farm parameters for the islanded MG with
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Table 5.7: Operational result comparison of islanded microgrid

Operational cost Total pumped

(AUS$) water (ML)
Baseline case 40,902 1,181
Standard MPC 31,164 1,178
Static scenario-based MPC 27,416 1,214
Dynamic scenario-based MPC 24,443 1,210

Charge (Dynamic)
---Discharge (Dynamic)
—Charge (Static)

Discharge (Static)

Hours

Figure 5.10: Battery charging and discharging pattern in islanded microgrid

Table 5.8: Operational results of the battery storage

Static scenario Dynamic scenario

Energy charge (kWh) 31.53 821.77
Energy discharge (kWh) 33.42 821.56
Saved cost (AU$) 10.35 254.62
Degradation cost (AU$) 6.61 167.38
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diesel generators as a backup power source and a 25 kWh lead-acid battery
storage equipped to store the excess energy. The scenario generation and
reduction processes use the same dataset to facilitate the comparison with
the Baseline case and the standard MPC for islanded MG. Based on (5.20)
and (5.22), the pump control variables can be obtained and listed in Table
5.6. In addition, Table 5.7 shows the results of total pumped water volume
and the operational cost for each islanded MG case. The expected value of
operational cost from the static scenario-based MPC is AU$ 13,486 lower
than the Baseline case and AU$ 3,748 lower than the standard MPC. For
the dynamic scenario-based MPC, it has the lowest operational cost value
AUS$ 24,443, which is AU$ 16,459 lower than the Baseline case and AU$ 6,721
lower than the standard MPC. In the islanded MG system, the excess electri-
cal energy is stored in the batteries and released to the pumps when needed.
According to the battery pack parameters in Table 5.4, and the methodology
in Section 5.2.3, the battery pack usage during the entire irrigation period
can be obtained. Figure 5.10 shows the battery charging and discharging
pattern for the static and dynamic scenario-based MPC. Meanwhile, Table
5.8 lists the operational results of the battery storage. We can observe from
Figure 5.8 that the dynamic scenario-based MPC generates ten typical sce-

narios for each MPC iteration, and thus, the role of batteries can be clearly



reflected in the MG. The battery pack for the dynamic scenario-based MPC
can reuse 821 kWh of excess energy to power the MG pumps. During the
entire irrigation period, the energy cost savings from utilizing the battery
storage is AU$ 87.24 more than the cost of battery pack degradation under
the dynamic scenario-based MPC, which means using the battery to store

and reuse the excess energy from the RES can save the operational cost of

AUS 87.24.

5.5 Summary

This study proposes two scenario-based approaches to model the uncertainties of
environmental and demand factors on cotton farms by scenario generation and
reduction under the MPC framework. Then, the MPC method is used to optimize
the operation of the MG and cotton farm water pump under the obtained typical
scenarios for the underlying uncertainties. The proposed method is validated by
case studies on a cotton farm. It is found that the operational cost of the static
and dynamic scenario-based MPC for the grid-connected MG are AU$ 22,595 and
AUS$ 18,797, which are AU$ 4,961 and AU$ 8,759 respectively, lower than that
of the standard MPC. For the islanded MG, the operational cost of static and
dynamic scenario-based MPC are AU$ 3,748 and AU$ 6,721, respectively, lower
than the standard MPC.
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Chapter 6

Conclusions and Future Work

This chapter summarizes the current studied results and provides suggestions for

further work.

6.1 Summary of outcomes

In the literature review part of the thesis, the energy system of cotton farms
and the irrigation method of cotton are investigated, and the traditional energy
utilization methods of cotton farms are studied. The composition of current
operational costs and their limitations are addressed. In addition, this part also
reviews the MG’s techno-economic requirements and the optimization algorithms.
And then, the following optimization strategies are introduced for the MG of

Australian cotton farms: optimal investment planning, optimal operation, and
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optimal operation under uncertainties.

Chapter 3 proposes a novel MG optimal design method for Australian cotton
farms. The design problem is formulated as a multi-objective optimization prob-
lem. It seeks the trade-off among those objective functions, which are related
to the investment cost, operational cost and simple payback period. In the case
study of a real cotton farm, a number of different MG scenarios are presented to
illustrate the effectiveness of the proposed model. In addition, sensitivity analysis
is explored by changing different parameters to explain the impact of the cost
function’s weighting factors, weather conditions and tariff selection on the MG
design. In the studied cotton farm, the simulation results show that the operat-
ing cost can be reduced by 44.16% to 56.51% with the optimal MGs in different
scenarios compared with the farm’s existing energy consumption, and the simple
payback period is 8.35 - 9.49 years. The grid-connected MG can feed the excess
energy into the grid to accelerate the payback period, which depends on particular
FIT tariffs. This case study provides a reference for cotton industry stakeholders

to consider RES investment in cotton farms.

Chapter 4 introduces an MPC approach to the operating cost minimization prob-
lem for an Australian cotton farm MG. It also shows the robustness of the MPC

algorithm under rainy and drought conditions for the grid-connected MG. The
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case study results of the cotton farm in the Gunnedah show that the MPC ap-
proach reduces the operational cost of the grid-connected MG from AU$ 39,580
to AUS$ 27,556, and using the MPC method for the islanded MG can reduce the
operational cost from AU$ 40,902 to AU$ 31,164. Furthermore, in the case study
of another cotton farm in Narromine, the large-scale MG with ESS can reduce the
operational cost from AUS$ 317,415 to AU$ 234,260, and if this MG has no ESS,
the operational cost is reduced from AU$ 317,415 to AU$ 242.970. The MPC
approach can be combined with future weather forecast data to achieve the MG’s

real-time operation in the cotton farm.

Chapter 5 presents two scenario-based approaches to model uncertainty in cot-
ton farm environmental and demand factors through scenario generation and re-
duction under the MPC framework. Then, with the obtained typical scenarios,
the MPC method is used to optimize the operation of the MG and cotton farm
pumps. The proposed method is simulated through a case study of a cotton farm
in Gunnedah. For the grid-connected MG, the static and dynamic scenario-based
MPC approaches have operational costs of AU$ 22,595 and AUS$ 18,797, respec-
tively, which are lower than the standard MPC by AU$ 4,961 and AU$ 8,759,
respectively. For the islanded MG, the operational costs of the static and dy-

namic scenario-based MPC approaches are AU$ 27,416 and AU$ 24,443, which
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are AUS$ 3,748 and AUS$ 6,721 lower than that of the standard MPC.

6.2 Recommendations & future work

This thesis proposes methodologies for planning investment optimization, opera-
tion optimization and operation optimization under uncertainty for the RES-based
MG in Australian cotton farms. These methods consider taking advantage of RES
(especially solar) and battery energy storage to reduce the operational costs of
cotton farm pumps. Meanwhile, more recommendations are proposed below that

would extend the current research.

1. For chapter 3, only grid-connected cotton farms are considered. However,
there is a number of cotton farms that are not grid-connected. Therefore,
our future work will focus on the feasibility of MG designs for cotton farms

where grid power is limited or unavailable.

2. For an immediate future study, artificial intelligence is a beneficial tool for
agricultural technology development, and MPC can be combined with ma-
chine learning techniques to realize intelligent control. In addition, there is a
need to evaluate and implement the proposed method at a real cotton farm

in our future work.
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3. In future work, the static scenario-based MPC approach for cotton farm MG
control systems will use more years of historical data to improve its reliability.
For the dynamic scenario-based MPC approach, we will investigate how to

reduce the computation burden for real-time implementations.
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