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ABSTRACT

A DATA-DRIVEN APPROACH FOR MAXIMIZING AVAILABLE WIND ENERGY THROUGH A
DEDICATED PRICING MECHANISM FOR CHARGING RESIDENTIAL PLUG-IN ELECTRIC

VEHICLES

Wind energy generation is growing significantly because of its favorable attributes such as cost-
effectiveness and environment-friendliness. Electricity is the most perishable commodity as it must be
consumed almost instantaneously as it is produced. Because of that, the variable nature of wind power
generation and the challenges in forecasting the output power of wind impose problems of curtailment
(excess of available wind energy than forecast) and deployment of reserves (deficit of available wind energy
than forecast). Energy storage for wind power installations is a potential solution; however, storing large
amounts of energy over long time periods is an expensive and inefficient solution. Plug-in electric vehicles
(PEVs) are recognized as one of the assets to integrate energy storage on the distribution side of the
electricity grid. Thus, PEVs charging presents an alternative solution for managing this excess energy in
wind energy-rich grids.

An accurate wind power forecasting (WPF) in the day-ahead market leads to a more predictable
dispatch and unit-commitment (UC) of generators, thus reducing the need for reserves and storage.
Typically, reserves to match the imbalance in supply and demand of electricity are provided by generators
that are more expensive than the ones engaged in primary services. Markets in different regions of the world
have specific designs, operation policies, and regulations when it comes to variable sources (e.g., wind, and
solar). Independent system operators (ISOs), tasked with handling electricity markets in the US, must meet
regulating reserve as directed by the North America Electric Reliability Council (NERC). One of these
requirements is that the sufficient reserve must be available to cover the generation deficit. This deficit can
be due to under-forecasting. There is also a case when ISOs need to curtail wind energy generation because

of over-forecasting. In the first part of this dissertation, wind power data from the Electric Reliability
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Council of Texas (ERCOT) market is used to improve WPF as Texas has the highest installed wind energy
capacity in the North American electricity grid. Autoregressive integrated moving average (ARIMA) model
is used for WPF improvement.

There is also a need to develop a coherent metric to quantify the improvements to WPF because
different studies use different metrics. Also, using the statistical representation of the reduction in error
does not necessarily reflect the overall benefit, especially the economic benefit, for ISOs. In the second part
of this dissertation work, modifications of on risk-adjusted metrics used in investments assessments are
developed and applied to the operation cost (OC). OC is the result of running the economic dispatch (ED)
on realistic synthetic models of the actual Texas grid to evaluate the impact of the WPF improvement on
the cost of operation. The modifications of the above-mentioned risk-adjusted metrics are also applied to
deferring the capital investment on the distribution systems. Then, the metrics are used to assess the
combination of photovoltaic (PV) and battery energy storage system (BESS) at the residential section of
the distribution grid as explained in appendix A.

The third part of this dissertation uses a data-driven approach to investigate existing pricing
mechanisms for a Texan city (i.e., Austin) located in a wind energy-rich grid such as ERCOT with an
increased adoption rate of PEVs. The study performed indicates the need for an alternative dynamic pricing
mechanism dedicated to PEVs than the existing choices for maximizing the utility of available energy from
wind in the absence of grid-level energy storage.

Dynamic pricing produces an opportunity to avoid high costs for the power provider and benefits
the consumers if they respond to the change of the price. However, achieving these benefits needs smart
rate design and real data. After justifying the need for fair pricing mechanisms to benefit the utility and the
customers for the coordination of wind energy and PEVs charging in wind energy-rich grid, this dissertation
designs a time-varying pricing mechanism. This dissertation employs a data decomposition technique to
design a dedicated pricing mechanism for PEVs. We use real data of a city with high projections of PEVs
(Austin, Texas) located in a wind-rich electricity grid (ERCOT) to demonstrate this design of a dynamic

pricing method.
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CHAPTER 1

INTRODUCTION AND OVERVIEW

The increase in integrating renewable generation resources in the electricity grid to displace part of
the conventional fossil fuel generators poses multiple challenges [1], [2]. Although wind energy can reduce
dependence on foreign oil and greenhouse gases (GHG) emissions, its inherent variability imposes the need
for low errors in forecasting techniques. This is a paramount requirement to deploy any generation source so
that the delicate balance between supply and demand can be met without deviations to the nominal grid
frequency. Decreasing the errors in wind power forecasts (WPF) is important for efficient dispatch and unit-
commitment (UC), thus helping widespread penetration of wind energy resources in the electricity grid.
Accurate WPFs are important for committing, scheduling, and dispatching wind energy resources in the day-
ahead bulk power markets. Beside the need to improve WPF, there is also need to develop realistic metrics
to quantify the improvement to WPF and the impact on the power system.

There is a growing interest to integrate energy storage systems (ESS) for buffering the wind power
output as well as for using it at a time that the grid can use it. However, storing the excess of energy from
wind is yet economically infeasible. An alternative to manage the excess of wind energy is to charge the
available plug-in electric vehicles (PEVs). Thus, there is a need to design a dynamic pricing mechanism for
scheduling the available PEVs to maximize the utility of available wind energy in the absence of grid-level
energy storage.

1.1 Motivation

There is a significant global growth of wind energy installations and an increasing penetration and
acceptance of PEVs in the transportation sector. In wind energy-rich grids, the wind energy generation is
usually high at night (i.e., off-peak times for grid electric demand). At the same time, most of the PEVs are
not in use and thus available for charging. Other than using them for transportation purposes, PEVs can
help reduce the curtailment of wind energy by presenting themselves as a load at the off-peak times when

the wind generation is high. Bulk energy storage at the grid level is yet an expensive and inefficient



proposition [3]; thus, using an alternative solution such as distributed energy storage through PEVs in the
end-user realm may lead to an efficient use of the wind energy resource.

1.2 Objectives

The primary challenge in WPF is the reduction of forecast error. This error potentially leads to
wind power curtailment or increased cost of expensive reserves; the former scenario represents an
inefficiency in the system while the latter may correspond to an inefficiency in the electricity market. Hence,
there is a dire need to develop methods to improve WPF with reduced forecast errors for use by independent
system operator (ISO). Further, such improvements must be quantified using a relevant metric.

Using grid-level bulk energy storage assets with the potential for storing the excess electric energy
generated from wind are yet cost-prohibitive and prone to inefficiencies. An alternative for managing this
excess energy is charging available PEVs. The challenge of highly dispersed resources (e.g., PEVs) needs
coordination, control, and communication for buffering wind energy. There is also a need for an alternative
dynamic pricing mechanism dedicated to PEVs than the existing choices for maximizing the utility of
available energy from wind in the absence of grid-level energy storage. The objectives of this dissertation
research include the following:

1. The development of a method to improve WPF

The highly stochastic nature of wind energy due to the intermittent nature of wind speed makes it
difficult to dispatch. Hence, it becomes more difficult to maintain the delicate balance of supply and
demand. The first part of this dissertation, also published in [4], focuses on the uncertainty in dispatch.
WPFs are important for efficient dispatch and UC. WPF improvement techniques include aerodynamic
atmospheric models and time-series based model. This research presents improvements to WPF using a
time-series autoregressive integrated moving average (ARIMA) model on available historical data of hourly
wind power data—forecast and actual—from the Electric Reliability Council of Texas (ERCOT). The results
show WPF improvements as vector norms of the relative error and how the error is reduced in all the cases.

The details of the study and the results are published in [4] and presented in chapter 2.



2. The development of metrics to quantify the improvement of WPF

There are multiple metrics to quantify the reduction in error in renewable sources forecasting. However,
most of these metrics do not necessarily reflect the system cost reduction. The paper [5], the second part of
this dissertation, develops a set of metrics to quantify the reduction in the cost of reserve and other costs
associated with the uncertainty of wind energy generation. The contribution of this part of the work includes
modifications applied to financial metrics to evaluate the impact of improved WPF on the operation of the
electricity grid. Sharpe and Sortino ratios are modified for quantifying the impacts of WPF improvements
on power system operations using the operation cost (OC) resulting from performing economic dispatch
(ED). The modifications were carried out for the application of distribution system investment deferral in
the case of high penetration solar photovoltaic and distributed battery energy storage systems as in [6] and
presented in appendix A.

3. Providing a data-driven justification for dedicated dynamic pricing for residence-based PEVs

In a wind energy-rich grid, the wind power curtailment is a challenge due to the negatively high
correlation between the avaibilities of the load and wind power. PEVs are possible alternative of the
economically infeasible large-scale energy storage when their charging is coordinated with the availability
of wind power. The third part of this research, presented in chapter 4 and [7], employs real data from a wind
energy-rich grid (i.e., ERCOT) to investigate the need of dedicated time-varying pricing for PEVs charging
in coordination with the availability of excess of wind energy. The results of the case study indicated the
important need for a pricing mechanism dedicated for PEVs.

4. Designing dedicated dynamic pricing mechanism for PEVs in the wind energy-rich grid

After justifying the need of a dedicated pricing mechanism of charging PEVs based on the availability
of excess of wind energy, this dissertation used a data-decomposition technique to design a time-varying
pricing for residence-based PEVs. We employ real data for a city (Austin, TX), located in a wind energy-

rich grid (ERCOT).



1.3 Scope

This dissertation proposes a framework that provides technical solutions of the intermittence of
wind energy resources. These include WPF improvement, quantification metrics of WPF, and designing a
dedicated dynamic pricing for PEVs when there is excess of wind energy. This dissertation employs real
data from ERCOT and a Texan utility. It also uses a synthetic model of the Texas grid as it has the highest
installed capacity of wind energy resources.

A time-series methodology (i.e., ARIMA) was used for improving WPF. This dissertation focuses
on improving WPF in a stage prior to the dispatch stage and deploying the real data from ERCOT to
examine the performance of the used model. This work differs from previous research that considers the
use of the wind speed data to provide improvement to WPF. This part of the dissertation is presented in
chapter 2 and published in [4].

Developing the WPF quantification metrics to better quantify the impact of WPF improvement on
the electricity grid operation is important because the statistical representation of the forecasting errors
might not best represent the actual impact of the improvement. This dissertation modifies and employs
well-known risk-adjusted financial metrics (i.e., Sharpe and Sortino ratios) to study the impact of the WPF
improvements on the operation cost of the system under consideration (i.e., Texas grid). This research
involves running time step simulation economic dispatch (ED) to find the hourly operation cost of the
system when considering the actual wind power, the original power forecast and enhanced power forecast.
These results are then used to calculate the modified financial metrics and study their implications. This
part of the dissertation is presented in chapter 3 and accepted for publication as in [5].

The last part of this dissertation aims to justify the need of dynamic pricing dedicated only for PEVs
charging when there is a forecast of excess wind energy (chapter 4) [7]. It also uses data decomposition
method to design the time-varying pricing based on the time when there is access of wind energy (chapter

5). Both chapters employ data-driven approaches where real and relevant datasets are used.



1.4 Tools

Several tools have been used in this dissertation work. Python® and MATLAB® were used for data
manipulation and visualization, especially in the WPF modeling as this part had a high demand of data
sorting and manipulation. R® and Python® were used for statistical modeling and analysis of the
autoregressive model (i.e., ARIMA). PowerWorld® and MATPOWER® were used for power flow studies.
The OCs result from running a time step simulation of ED in the synthetic Texas grid. The OCs are then
used to determine the risk-adjusted metrics. The dynamic pricing design involves data analysis and data
decomposition using MATLAB®.

1.5 Literature Search

The topic of wind energy resources coordination with PEVs appears in the literature. A literature search
is conducted to review several research papers that have been published on the topic of wind energy with
PEV coordination on multiple different aspects. References [8], [9] discuss that Wind energy resources
with storage coordination, which can smooth the wind variation, reduce the cost and make the wind power
more reliable. The study [10] attempts to examine that the integration of the PEVs on large scale can lead
to an optimal operation of the security-constraint power system and reduce the operational cost. The
coordination of the wind energy with PEVs are studies as probabilistic constrained load flow in [10].
Reference [12] studies how the PEVs can be practically integrated to the power systems deploying the V2G
technique in order to reduce both emission and cost and maximize the use of renewable energy resources.
The above-mentioned references had different objectives of the optimization problems to find the optimal
when and where (Spatio-temporal) PEVs should be charged/discharged [13]-[16]. This dissertation
attempts to solve multiple aspects of the topic of wind energy coordination with PEV's by providing solution
to different parts of the problem. These include WPF improvement and improvement quantification. Also,
most of the studies conducted in this topic focuses on identifying the PEVs schedule (i.e., dispatch) without

paying much attention to what could lead to such dispatch (i.e., incentive pricing design). It is worth



mentioning that the introduction sections of each of the subsequent chapters (i.e., 2-5) cover the literature
search of each of the related studies.

1.6 The Specific Contributions of this Dissertation
The specific contribution of this dissertation includes the following

1. Modeling the aggregate error between the forecast and actual wind power prior to dispatching,
thereby allowing improved dispatch and significant financial savings from utilizing reduced
spinning reserves. This work also performed the forecasting process of wind power for a one-year
period using open source software packages R® and Python®, which facilitates quantifying the
reduction in the reserve need.
2. Developing two modified risk-adjusted cost ratios (RACR) metrics to evaluate the impact of
improved WPF on the operation of the electricity grid. Specifically, the traditional financial
metrics. This work modifies Sharpe and Sortino ratios [17] for quantifying the impacts of WPF
improvements on power system operations using the OC resulting from performing ED.
3. Justifying the need of dedicated PEVs charging price based on the avaibilities of excess of wind
energy and used a data-driven technique, dynamic mode decomposition (DMD), to design the time-
varying pricing mechanism.
1.7 Organization of the Dissertation

The rest of the dissertation is organized as follows: chapter 2 explains the contribution of the WPF
improvements and is taken directly from [4]. Chapter 3 explains the risk-adjusted financial metrics and how
they can be used to quantify the WPF improvement. Chapter 3 is also taken directly from an accepted
manuscript [5]. Appendix A explains how the previously mentioned financial metrics can be further
modified and used in another important application, namely capital investment deferral by employing PV
with BESS which is also taken from the manuscript [6]. Chapter 4 provides justification for the dire need
of fair pricing pertaining the coordination of excess of wind energy with PEVs charging. Chapter 4 is also

taken directly from an under-review manuscript [6]. Chapter 5 uses data-decomposition technique that



extract the dynamic features of time series data to design dynamic pricing for PEVs charging. Chapter 6
concludes the dissertation and discusses the future work. The chapters 2-5 are verbatim reproduced from

published/under review manuscript of [4], [5], [7].



CHAPTER 2

EMPLOYING ARIMA MODELS TO IMPROVE WIND POWER FORECASTS: A CASE STUDY IN

ERCOT!

2.1 Introduction

Increasing the integration of renewable generation resources to displace conventional generation
imposes multiple challenges. Although wind energy can significantly reduce CO2 and oil dependency, it is
stochastic in nature and needs accurate forecasting techniques to maximize utilization. Decreasing the
unpredictability of wind is important for efficient dispatch and unit-commitment (UC), thus aiding
widespread penetration of wind energy resources in the electricity grid. Accurate WPFs are important for
committing, scheduling, and dispatching wind energy resources in the day-ahead bulk power markets. WPF
improvement techniques include aerodynamic atmospheric models and time-series-based models.
Improving short-term WPF (STWPF) using numerical weather prediction models has significant economic
benefits. The economic benefits of the wind forecasting improvement project include production cost
reduction due to a more efficient commitment, wind curtailment reduction, and energy balance cost
reduction [18]. Our work improves STWPF using time-series models.

Statistical time-series-based models are commonly used in econometrics and business, price
forecasting, and scientific applications [19]. Autoregressive (AR) models help capture the small range
correlations in data, which are suitable for forecasting processes. In the literature, researchers have used
statistical time-series models in multiple forecasting applications. Generalized autoregressive conditional
heteroskedastic (GARCH) models are able to predict day-ahead electricity prices, as presented in [20]. The

paper uses GARCH methodology to forecast for the day-ahead electricity prices with high variability

! This chapter is a verbatim reproduction of the work accepted and published to a peer reviewed
conference proceedings in [4]. The required permissions for re-use of the material have been obtained from
the copyright holders and are included in the Appendix B. The numbering of the figures and tables has been
modified to satisfy the formatting requirements of the dissertation.



periods. Their method provides the next-day market clearing price based on historical data from mainland
Spain and California markets.

Electricity from solar photovoltaics (PV) when aggregated at the system level tends to be less
variable than at the panel level due the inherent smoothing of outputs resulting from geographical
distribution. Reference [21] investigates multiple forecasting techniques for solar PVs including neural
networks, least-squares support vector machines, and ARIMA forecasting models. According to [21],
ARIMA and neural network models perform better when the daily power difference is significant.
Reference [22] employs ARIMA to estimate the future load of New South Wales in Australia. The paper
further improves the technique using the weighted mean.

Wind speed forecasting errors depend on the prediction methods, the forecast period, and the
forecast location. Reference [23] uses GARCH to predict long term (daily average) wind speed in the
Zhangye area in China. The procedure described in [23] eliminates the seasonal effect and then uses
GARCH to predict for a daily average wind speed. The paper also shows that the elimination of the seasonal
effect improves GARCH models.

Fractional autoregressive integrated moving average (f-ARIMA) models have been also used to
predict hourly wind speed. Due to the ability of the f~ARIMA model to capture short-term correlations, the
authors used the model to forecast for the day-ahead wind speed at the wind farm level [24]. Reference [25]
developed a Markov chain-based wind power forecast model that considers the spatial and temporal
dynamics of wind power output of individual wind turbines.

In this chapter, we employ the ARIMA technique to improve WPFs. Unlike the effort in [24], which
uses only actual wind speed data, we consider using available historical data of hourly wind power—
forecast and actual—from ERCOT to improve the day-ahead wind power dispatch. In [24], wind speed is
forecasted, thus imposing the limitation of the cut-in and cut-out wind speeds. An advantage of using
ARIMA over ARMA is that the former is more general and allows the time series to be non-stationary. The
contributions of this paper are as follows: (i) we model the aggregate error between the forecast and actual

wind power prior to dispatching, thereby allowing improved dispatch and significant financial savings from



utilizing reduced spinning reserves, and (ii) we performed the forecasting process of wind power for a one-
year period using open source software packages R® and Python®, which allows us to quantify the reduction
in the reserve need and the cost of reserve. Section 2.2 explains the importance of improving the forecast
and its impact on the electricity market. The ARIMA model and its salient elements are presented in Section
2.3.In Section 2.4, the case study we used is described and the results are presented. Section 2.5 summarizes
the findings and concludes the paper.

2.2 The Impact of WPF on Electricity Market

From a market perspective, there are four main challenges of integrating wind energy: (i)
intermittency of input; (ii) different patterns of wind generation and load; (iii) limitations in transmission
systems; and (iv) forecasting. The last challenge is the focus of our work in this paper. The accuracy of
WPF affects the quality of UC. An accurate STWPF in the day-ahead market leads to a more predictable
dispatch and UC, thus reducing the need for reserves. The market in different regions in the US, operated
by ISOs, has had clearer operation policies and regulations when it comes to variable source. ISOs are
required to meet enough regulating reserve imposed by the North America Reliability Council (NERC).
One of these requirement is that sufficient reserve must be available to cover the loss of generation capacity.
This loss can be due to under forecasting. In this paper, we consider and use STWPF data from the ERCOT
market [26].

The forecasting system in ERCOT produces the most statistically probable estimate. This is derived
from the wind generation with the highest probability of wind production for each wind generation resource
for the next 48 hours. The forecasts are then posted on the market information system to find the regional
forecast wind production. Based on ERCOT operation information, the day-ahead operation occurs between
6:00 a.m. and 6:00 pm. Day-ahead operations include two major functions: day-ahead market (DAM) and
day-ahead reliability unit commitment (DRUC). DAM is a voluntary financial market for energy
transaction, and it allows qualified scheduling entities to sell energy ahead of real-time to secure more price
certainty. It evaluates and defines the bids based on the prices and system constraints. DRUC ensures

adequacy of the generation capacity for the next operating day [27].
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We employ our model to improve the forecast of the system-wide (aggregated) wind power in MW.
As shown in Fig. 2.1, an important observation is that the aggregated error is always less than the error of
each region. The figure quantifies how the relative error (%) reduces when we consider aggregated data.
This is due to the canceling effect of under-forecast and over-forecasts of different regions. This
improvement will contribute to the financial benefit of reserve cost reduction. As the ancillary service and

hourly point-to-point obligations of reserve in ERCOT are defined in DAM, improving the WPF will lead

to a reduction of the reserve need.
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Fig. 2.1 The effect of aggregation on WPF error

2.3 ARIMA Methodology

A sequence of random variables comprises a stochastic process, which can be considered as a
theoretical analog of a time series. Stationary time series with complicated autocorrelations are often
modeled by combining AR and MA elements. Though this work fits the difference between the recent
(month of data) wind power, both actual and forecast, this does not guarantee stationarity. We introduce

the differencing operator to ensure that the model is suitable for stationary or non-stationary time series.
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We introduce the ARIMA (p, d, q) model in the following subsection (the symbol d here represents the
“order” of differencing).
2.3.1 ARIMA Process Formulation

The construction of an ARIMA model from empirical data, which uses maximum likelihood
estimation, and its application to forecasting, consists of the following steps: (i) identifying a suitable model
from a class of models; (ii) estimating model parameters; (iii) validating the model; and (iv) obtaining the
forecast [20]. Denote by Yt a time series, where t is the time index. The ARIMA (p,d,q) process formulation
is

$(B)(1 - B)? Y = 6 (B)e,
(2.1)
where €, is independently and identically distributed white noise with zero mean and constant
variance, d is the degree of differencing needed to ensure stationarity, B is the backward operator (generally
defined as B¥Y; = Y,_), and ¢ and 6 are polynomials of B, which are defined below in (2.2) and (2.3),
respectively:
¢(B) =1-¢,B- ¢sz - (I)po (2.2)
0(B) =1—-6,B—06,B% — - 04B1. (2.3)

The autoregressive model orders (previous observations of the AR model) and the moving average
of previous observations are given as p and g, respectively [18], [23].

Autocorrelation, also known as serial correlation or cross-autocorrelation, is the correlation of a
time-series with itself at different lags in time. Informally, it is the similarity between observations as a
function of the time lag between them. An auto-regressive process is defined as a stochastic process used
in statistical calculations in which future values are estimated based on a weighted sum of past values. An
AR process operates under the premise that past values have an effect on current values. A process denoted
AR (1) is a first-order process, meaning that the current value is based on the immediately preceding value.

An AR (2) process has the current value based on the previous two values. An AR process that depends on
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p past observations is called an AR model of degree p, denoted AR (p). An MA model is used to model a
time series that exhibits short-term dependencies between successive observations and is denoted MA (q)
[19].

The construction of an ARIMA process consists of two steps: (i) a general ARIMA formulation is
selected to model the stationary time series; and (ii) the selected time series is tested for stationarity. If the
series is non-stationary, then a d order of differencing is applied to the time series to produce a more stable
variance.

2.3.2 Estimating the Parameters

After the underlying process is accepted as being stationary, the next step is to determine the
structure of ARIMA (p, d, q) based on autocorrelation and partial-autocorrelation plots. In the proposed
method, we make use of a custom-devised technique to determine the order of p and g based on Akaike’s
Information Criterion (AIC) for the available data. AIC, defined in (2.4) below, is a metric that evaluates
the accuracy of the chosen model and achieves a tradeoff between fit and complexity. Minimum AIC is
commonly used to find the optimal model:

AIC =2P -2 loglL, 2.4)

where P is the number of parameters in the model and log L is the maximum log-likelihood. The last step
is to test the accuracy of the predicted model using root-mean-square error techniques. The p,d,q
combination of values that leads to minimum AIC is the most suitable model order [19].
2.3.3 Model Validation

Before using the model in our forecasting process, we must validate the model. In this step, we
examine how the model captures the variations in the trend. We can use multiple ways to perform this step.
In some cases, we can simply observe how the fitted data follows the actual data. We also can validate the
model by checking the statistical significance of the ARIMA model and its residuals (the difference between
the actual data and the model output) [20]. The statistical significance test can be performed using a

technique called Ljung-Box. R® has a function, called Box.test that can perform this test [19].

13



2.3.4 Applying the Forecasting Approach
After validating the model, we use it for WPF for 24-hours ahead. This can be performed using the
forecast.Arima function of the fitted ARIMA model and choosing the “ahead” value to be 24. The
mentioned function also provides an upper and lower bound of the forecast [19]. Finally, all steps
explained in this section are applied to the obtained data in section 2.4.

2.4 A case Study and Results
2.4.1 Wind Power Forecasting
The workflow of this forecasting process, summarized in Fig. 2.2, is as follows:
1. Calculating the error as E,.(t) = P(t) — P'(t), where P(t) and P'(t) are the actual and the original
forecast of wind power, in MW, at an hour ¢, respectively.
2. Performing the tuning process to find the optimal ARIMA model by choosing p, d, and ¢ values
with the minimum AIC. The latter step consists of constructing two (10 x 10) matrices of AIC at d
= 0 and 1 to ensure stationarity when the data series is non-stationary [18]. Among these 200
models, we select the model that has the minimum AIC.
3. Fitting the recent data points (i.e., hourly data of the last 30 days) of the error to the optimal ARIMA
model selected in the previous step.
4. Using the fitted model to forecast 24-hours of future values that represent the predicted error.
5. Adding the 24-hour error values to the original forecast data for the same day, representing the
improved WPF.
2.4.2 Evaluation of WPF Improvement
We developed a forecasting process for wind power, in MW, and automated the process for the
period March 2013—February 2014. The improvement in WPF using this ARIMA technique is expressed
by the vector (L,) norms of the relative error (RE) as shown in (2.5):

_ p! p 25
||RE||=H—(P PP) 2

x 100,
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where p =1, 2, and o represents the reduction of the sum of the absolute RE, the root-mean-square RE, and

the maximum absolute RE, respectively.
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Fig. 2.2 Workflow of wind power forecasting using ARIMA
2.4.3 Empirical Results

The forecasting process was automated to run for one year. The model produces an hourly updated

WPF, in MW. Table I shows the mean relative error (MRE) for each month of the tested period (3/1/2013—

2/28/2014).
Table 2-1 Comparison between Original and Updated MRE (%) of Each Month
Month Original forecast MRE (%) Updated forecast
MRE (%)
January 18.5 12.3
February 25.5 17.6
March 35 12.5
April 10 8.5
May 10.5 7
June 16.5 13.3
July 17 12
August 20 13
September 26 15
October 14 11
November 18 13
December 20 15

Figures 2.3-2.5 show examples of the improved forecasted time series in comparison with the
original forecast and the actual values. The results of these three days were randomly chosen for different
times of the test period to illustrate how the improved forecast using our ARIMA model performed better
than the original forecast. As shown in the mentioned figures, the updated forecast closely follows the actual

value, which leads to a financial benefit from the avoided cost of the reserve margin needed.

15



3000

—&— Actual
—#— Original Forecast
—— Updated Forecast
2500
& 2000 -
&
<
-
@
z 1500 +
o
A~
=
S
2 1000}
500 -
0 | | | | J
0 5 10 15 20 25

Time (hours)
Fig. 2.3 Time series of actual, original forecast and updated forecast (6/29/2013)

2600 T T T T
—6— Actual
2400 - —#— Original Forecast | -
——— Updated Forecast
2200 - .
2000 - .

Wind