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Abstract

The fast development and wide utilization of distributed generations (DGs), such as Photo-

voltaic panels and wind turbines, provide environmentally friendly renewable energy. However,

inappropriate operation, sizing, and placement of DGs could increase the power losses and re-

duce the stability of the power network. Load forecasting is critical to the electrical utilities to

schedule power generation and distribution. In this dissertation, a framework is proposed for load

forecasting and optimal operation of power system with DGs in the distribution feeder-level.

In the first part, a nonparametric method, the Bayesian Additive Regression Trees (BART),

is introduced for day-ahead peak load forecasting. The detailed correlation analysis of peak load

and weather information is performed in a residential area in Albuquerque and a business area

in the North Central of Texas for two different two-years periods. Next, the BART method is

applied with a principled permutation-based inferential variable selection approach. The BART

method’s prediction accuracy is then compared with the Multiple Linear Regression (MLR), the

Support Vector Machine (SVM) and the composite kernel of Gaussian Process Regression (GPR).
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The forecasting results are then measured by Mean Square Error (MSE), Root Mean Square Error

(RMSE), Mean Absolute Forecasting Error (MAFE), R2, and Mean Absolute Percentage Error

(MAPE). The BART method displays the best prediction accuracy for every index.

In the second part, a new framework of distribution feeder-level short-term and very short-

term load forecasting is proposed. First, a composite Matérn kernels (CMKs) based Gaussian

Process is designed for day-ahead load forecasting based on four years of recorded data and kernels

comparison. A data selection algorithm is proposed to improve the prediction further. Second, a

three-step daily curve tuning algorithm is designed based on the dictionary learning algorithm,

K-SVD, to improve the forecasting results further. In step one, the dictionary is built by using the

K-SVD to decompose the output of the CMKs. In step two, for a certain length of atoms, tuned

curves are generated by using the K-SVD to learn the known daily load. A curve selection model

is designed to choose the best-tuned curve based on the linear regression models with forecasting

errors as feedback. In step three, the final tuned curve is selected by the minimization of the mean

daily load difference. The framework is verified using two-year private data from the residential

area and two-year public data from the business area with three aspects of results.

In the third part, an optimal method to plan and dynamically operate the DG based on the

modified nondominated sorting genetic algorithm II (NSGA-II) is proposed. First, the uncertainty

of load and DG (photovoltaic panels) output are considered. Second, the placement of a DG is

defined by voltage sensitivity analysis. A multi-objective problem is then formulated to find the

optimal daily operation of DG. To solve the problem, a fuzzy logic decision model is designed to

modify the traditional NSGA II that selects an optimally compromised solution from the Pareto

front. Furthermore, to increase the modified NSGA II computation speed, the population initial-

ization space is reduced, and the population is selected and saved for the next generation based on

load analysis. With the accurate load forecasting as in part one and two, the initialization space

could be reduced further. The method is tested on the IEEE 14 bus, and it is compared with other

two optimal methods. The results on reducing the power losses, voltage deviations, and increasing

the algorithm speed demonstrate the effectiveness of this method.
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Chapter 1

Introduction

1.1 Background

During hundreds of years of development at power supply and distribution, central-station genera-

tors continuously play a major role in the production of power. Although this system can provide

relatively inexpensive power, issues remain, such as increasing fuel costs, reducing power plant

emissions, and increasing customer needs for higher reliability power [1]. One of promising solu-

tions is to employ a decentralized system composed of small generation systems on the distribution

network. This type of generation system is known as Distributed Generation (DG) [2]. DGs usu-

ally are interconnected near the load in the power distribution network rather than near the bulk

power distribution system. The typical individual DG unit rating is less than 10 MVA and includes

fossil fuel and renewable generations, as well as energy storage technologies. Appropriately uti-

lized DGs are efficient than central-station generators because they are closer to the customer load,

which means there is less distribution and transmission loss. The application of DGs on distribu-

tion networks could reduce the system’s power losses, improve the voltage profile, increase the

network reliability, and defer network expansion, etc. [3–5]

In recent years, increased use worldwide of distributed energy, such as photovoltaic (PV), wind
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turbine, and fuel cell, has gained great acceptance because such energies are renewable and envi-

ronmentally friendly. However, due to misplacement, inappropriate sizing, and operation of DGs,

they also pose the challenge to the distribution network operator because a high penetration of DG

in certain places can result in voltage deviation and power losses [6, 7]. To tackle these problems,

methods have been advanced to handle the placement and sizing of DGs. In general, methods

can be divided into three types: analytical method, numerical method, and heuristic method [8].

Two types of objective functions are incorporated: single objective function is formulated by min-

imization of power loss [9–12], and multi-objective optimization problems are formulated by min-

imization the power loss, voltage deviation, and profiles, etc [13–16]. Among these categories, the

heuristic method for multiobjective optimization is robust and works well for large and complex

DG planning problems [17].

However, there are several issues that need to be further concerned about DGs Placement and

Sizing (DGPS).

First, with DGPS, most current methods address only the static cases, in which the load is

considered to be unchanged or to be a one-level load. In actuality, loads change nearly every

second. Though there are few references, such as [18, 19], discussing the variant load, they do

not consider the PV as DGs, which is widely used DG around world. Second is DGs operation.

After DGs are installed, their optimal operation is crucial for utility companies. Since DGs do

not continuously work at one-level output, such as, maximum or minimum, the dynamic operation

and uncertainty of DGs with variant output need to be considered during daily circuits operation in

order to save losses of energy. Last but not least, to operate the DGs optimally, accurate forecasting

of the load demand is crucial for the utilities. The accurate load demand forecasting, especially the

short-term and very short-term, not only provide the utilities advantages at the trading action in the

electricity market, but also afford a timing advantages to optimally allocate the power and operate

the DGs.

To address these issues, load forecasting and the DGPS are required to be further studied, and

inter-disciplinary designs and strategies should be considered from areas such as machine learning,

evolutionary computation and optimization, and control theory.
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In this thesis, we work on building the peak load forecasting, Very Short-term Load Forecasting

(VSTLF) and the Short-term Load Forecasting (STLF) models, which include the load diversity

and uncertainty, to predict the load for DGPS, designing a dynamic DGPS and DGs’ operation

strategy, and analyzing circuit network stability. Before presenting details of the methods used, we

provide a short survey of recent works for the following topics: machine learning methods for load

forecasting and optimization methods for DGPS.

1.2 Literature Review

1.2.1 Short-term and Very Short-term Load Forecasting

For the electric utility companies, there are several critical issues regarding the smart grids. These

issues include managing demand response (DR) to reduce peak electricity load impact, design

an economic plan to generate and/or purchase power and to distribute the power optimally. By

solving these issues, the utilities can delay and save future investment in the power generation

and transmission, and better utilize renewable energies to reduce our dependence on hydrocarbon.

Load forecasting is one of the important factors that DR depends on [20]. Among the different

length of load forecasting horizon, the VSTLF and STLF received a lot of attention from both

the academic and industrial groups, because the forecasting quality is critical to the smart grid

operation and the transaction activities of the competitive electricity market. The VSTLF models,

with forecasting horizon from seconds or minutes to one hour, are usually used to control the

power flow. The STLF models, from hours to weeks, are generally used to adjust generation

and demand. [21]. But accurate VSTLF and STLF are difficult because loads not only have the

properties of circularity and seasonality, but also are sensitive to several factors, such as weather,

human activities, and circuit level. Generally speaking, to do the STLF and VSTLF, there are three

types of machine learning related methods: traditional methods, neural network methods, Kernel

methods, such as Support Vector Machine (SVM), Gaussian Process Regression (GPR), and their

hybrid methods.
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One type of traditional methods is the regression model, which includes linear regression (LR),

multiple LR, and dynamic LR. They usually utilize weather data as key explanatory to forecast load

because of the strong linear relationship between temperature and load [22–24]. The autoregressive

moving average (ARMA) and the autoregressive integrated moving average (ARIMA) also have

been used in load demand forecasting [25–28]. The Kalman filter-based methods are widely used

for load forecasting. Kalman is a statistical technique which provides information about the quality

of the estimation; this technique provides, in addition to the best estimate, the variance of the

estimation error for linear and Gaussian models. [29–32]. More methods can be found in [20].

Load and weather data are not always in a linear relationship; sometimes the data displays

a nonlinear relationship between them, since human activities, such as festivals and events, also

alters the load. Neural network-based methods, in such a case, provide a powerful tool to fit the

nonlinear properties.

Neural network methods, a branch of artificial intelligence (AI), are also popular with appli-

cations at the VSTLF and the STLF. Different types of neural networks are used for forecasting.

In [33], a forecasting model is established by combining the radial basis function (RBF) neural

network with the adaptive neural fuzzy inference system. In [34], they present an approach of

back propagation neural network with a rough data set for complicated STLF with dynamic and

nonlinear factors to develop the accuracy of predictions. [35,36], the multilayer perceptron (MLP),

which is a type of artificial neural network, is used for STLF with real load and weather data. They

further investigate an efficient way to use the MLP neural network at STLF, a way that does not

require the history data. A similar day-based wavelet neural network method to forecast next day’s

load is presented at [37]. These authors select similar day load as the input load based on correla-

tion analysis, and use wavelet decomposition and separate neural networks to capture the features

of load at low and high frequencies. Additional methods are included in [38, 39].

The SVM and the GPR are the learning method that is theoretically built on statistical learning

theory. The SVM was originally developed for classification and later generalized to solve regres-

sion problems [40–43]. The generalized method is also called support vector regression (SVR).

SVR has been successfully applied to the load forecasting area, but with large amounts of data, its
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computing speed is significantly slow. In [44], before applying SVR, they take advantage of data

mining technology to process large data and remove redundant information. The same strategy is

utilized to search historical load and meteorological data for the input of SVR, which substantially

increases the SVR computation speed. The GPR is another popular kernel method that is equipped

with probabilistic property and the uncertainty estimation [97]. In [113] and [114], the single

common kernels are introduced and compared to do load forecasting, which display advantages

than the multiple LR and the SVR. In [115], a twin Gaussian Process, placing the Gaussian priors

on both covariance and responses, acquires the output via Kullback-Leibler divergence minimiza-

tion between two GP modeled as normal distributions over finite index sets of training and testing

examples. This method shows that twin Gaussian Process can be a useful tool for load forecasting.

There are hybrid kernel methods that are utilized to do load forecasting. To determine the

correct parameter set for selected STLF, several researchers use the evolutionary techniques to

work out the parameters of SVR, such as chaotic artificial bee colony algorithm, chaotic particle

swarm optimization algorithm, and differential evolution algorithm at [45–47]. Also, there are

hybrid methods designed by combining traditional methods, like Kalman filter, with SVR as the

new kernel, which could compare with Extended Kalman Filters and Unscented Kalman Filters

[48,49]. To further investigate the kernel, [50] proposes a kernel-based SVR combination model by

using a novel algorithm for individual model selection. Moreover, the proposed combination model

provides a new way to select kernel function for SVR model. And this model demonstrates better

forecasting result than the best individual kernel-based SVR model. More descriptions of SVR

related methods can be found in [51]. There are few hybrid GP method too. The ensemble GPR

sub-models are selected by the genetic algorithm to do very short-term load forecasting in [118].

In [117], five GPR sub-models are integrated by a neural network to do wind power forecasting.

Other methods, including hybrid method built with a traditional method and evolutionary tech-

niques, artificial intelligence method with evolutionary method, Semi Parametric additive model,

and grey correlation contest model can be found in [52–55].
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1.2.2 Optimization for Distributed Generation Placement and Sizing

Optimal placement and sizing of DG is very important to the utility and environment, since it saves

power losses, increases reliability of the power network, and defers the system upgrading, as we

mentioned before. Here, we introduce the methods that are currently available for DGPS in detail.

In general, we can summarize current available methods into three types: the traditional methods,

evolutionary computation methods, and hybrid methods [17].

The traditional methods mainly include analytical methods and numerical methods. Various

analytical methods have been proposed for the DGPS. Most of these methods are built on theoret-

ical, mathematical analysis and calculation.

In [56], the 2/3 rule is used to locate the DGs to reduce the reverse power flow and remove

the zero point when DG output is bigger than the load downstream of the DG location. [57] use

the Kalman filter algorithm to find the DG size after they get the optimal location for the DG by

analyzing power losses in a steady state. An analytical expression for finding the optimal size and

power factor of four types of DG units is proposed in [9], which improves the situation in which

only real power can be delivered. Based on the equivalent current injection, the authors of [58]

formulate a loss sensitivity factor for the distribution system. From the loss sensitivity factor, they

find optimum size and location for DG without the use of admittance matrix, inverse of admittance

matrix, or Jacobian matrix. For numerical methods, [59] proposes a methodology based on linear

programming to determine the optimal allocation of DG with respect to their network constraints.

In [60], optimal sites for placement of DGs have been identified by using the mixed integer nonlin-

ear programming approach, and the sizing of the DGs is also taken into consideration for increasing

the system’s reliability. Using the time varying load, [61] proposes an approach based on dynamic

programming to solve the multi-objective problem for DGPS, which is built on cost/benefit forms.

In [62], the optimal DG location is found by an exhaustive search of possible combinations, and

the rating of DG is calculated by fast sequential quadratic programming, which is proposed by the

authors. Also, an ordinal optimization approach is proposed by [63] to locate and size multiple

DGs, such that a trade-off between loss minimization and DG capacity maximization is achieved.
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While traditional methods have the properties of fast computation and easy implementation.

They make simplified assumptions and consider simple power system loading situations. Heuristic

methods are usually robust and can provide near optimal solution for large and complex DGPS

problems [17].

Evolutionary computation is a branch of heuristic methods. Evolutionary computation is a

branch of artificial intelligence. It is composed of a type of algorithm that is based on adopting

Darwinian evolutionary principles. There are many evolutionary computation techniques that are

used for DGPS, such as the genetic algorithm (GA), simulated annealing, particle swarm optimiza-

tion (PSO), differential evolution, ant colony system algorithm, artificial bee colony algorithm,

Tabu search, firefly algorithm, cuckoo search and imperialist competition algorithm. In [64, 65],

the authors use the GA based-method to determine the optimal location and size of the distributed

generations to be placed in radial, as well as networked, systems, with the objective of minimizing

the power loss. They also consider different load models. In [66], the simulated annealing tech-

nique is implemented to optimize the sizing and location of distributed generation facilities, and

cost minimization is also achieved. In [67], particle swarm optimization, incorporated with the

index-based approach, is used for optimally determining the size and location of multi-distributed

generation units in distribution systems with different load models. They also show that the load

models can significantly affect DGPS in a distribution system. [68] presents the differential evo-

lution for DGPS in distribution networks considering various technical and economic aspects of

the problem and formulates a multi-objective function. This function includes the cost of network

upgrading, purchased energy and energy losses, total voltage deviation, and total capacity release.

In [69], an ant colony system algorithm is used to derive the optimal recloser and DG placement

scheme for radial distribution networks. A composite reliability index is used as the objective func-

tion in the optimization procedure. [70] proposes the artificial bee colony algorithm to determine

the optimal DG-unit’s size, power factor, and location in order to minimize the total system real

power loss, which is further tested at the radial power network system. In [71, 72], Tabu search

method is first used for DGPS to reduce the system losses, and further it is compared with other

heuristic methods to show its efficiency. An application of firefly algorithm for DGPS is imple-
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mented in [73], which is inspired by the flashing behavior of fireflies and the brightness of the

signal to attract other fireflies. In [74, 75], a meta-heuristic optimization algorithm, called cuckoo

search, is developed, and it is further applied to the DGPS to optimize the voltage profile and save

the power losses. In [76,77], imperialist competitive algorithm is proposed as a new sociopolitical

motivated global search strategy, and it is implemented to maximize the benefits of distribution

network operators for both active loss reduction and network investment deferral incentives.

Hybrid methods are defined as the combination of existing techniques, especially the combi-

nation of evolutionary computation techniques. The objective is to take advantage of different

techniques to form a new one so that the new method can outweigh its components in solution

accuracy and computation efficiency. A GA-Tabu search algorithm is proposed in [78], which is

applied to the DGPS problem. The GA-Tabu method shows much better performance at solution

accuracy and convergence process. In [14], the GA-PSO method is developed to do DGPS. The au-

thors utilize the GA to optimize the DGs’ location and use the PSO to optimize the size of the DGs.

The GA-PSO displays better performance at objective function variance than individual methods

that are based on GA or PSO. Also [79] develops an algorithm that combines the GA and immune

systems to maximize the benefits of distribution network operators due to sizing and placement of

DG units in distribution networks. In [80], a Tabu-Fuzzy method is proposed to solve the problem

of DGPS. The new fuzzy model finds the nondominated multiobjective solutions corresponding to

the simultaneous optimization of the fuzzy economic cost, level of fuzzy reliability, and exposure

of such networks, using an original and powerful meta-heuristic algorithm based on Tabu Search.

This model determines the optimal location and size of the future feeders and substations in distri-

bution networks with dimensions significantly larger than the other methods. In [81], a new PSO

is proposed by combining PSO and load flow algorithm to optimally incorporate a DG into a dis-

tribution system. It optimizes total network power losses while satisfying the voltage constraints

imposed on the system, and finds the best combination of location and size simultaneously. More

methods can be found in [82].
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1.3 Outline of This Dissertation

To build a framework for optimal DGs placement, sizing, and operation, this research focuses on

the following topics: peak load forecasting, very short-term load forecasting, short-term load fore-

casting, evolutionary algorithm and its application at DGs placement, sizing and operation. To

optimally operate the DG in real time, it is important to have the accurate load forecasting in a

time range. The load prediction in this thesis is separated into day-ahead peak load forecasting,

day-ahead whole-day load prediction and very short-term load forecasting, so to help the electri-

cal utility companies to make an economic power generation and trading schedule and optimally

distribute the power.

Chapter 2 focuses on day-ahead peak load forecasting for both the residential area in Albu-

querque, New Mexico and the business area in the North Central of Texas. Thorough data analysis

is presented, and the Bayesian Additive Regression Trees (BART) method is introduced for day-

ahead peak load forecasting. The method is further compared with the multiple linear regression,

the SVM, and the composite kernel based GPR.

Chapter 3 considers the problem of whole day load prediction and VSTLF in the same areas

as chapter 2. The time series load data are used for the modeling. The day-ahead STLF models

are designed by utilizing the composite Matérn kernels (CMKs) based on the GPR. Date selection

algorithm is designed to improve the forecasting accuracy of the CMKs. To improve the VSTLF of

the CMKs, the curve tuning algorithm is designed based on the K-SVD with three aspects results.

Chapter 4 concerns the optimal DGPS and its operation analysis. A method based on the

evolutionary computation algorithm, nondominated sorting genetic algorithm, is introduced, and

fuzzy logic decision model is designed to choose the solution from the Pareto front. To increase

the efficiency of non-sorting GA for DG operation, several techniques are proposed. The method is

tested at the IEEE 14 buses and it is compared with other two optimal power distribution methods.

Finally, Chapter 5 discusses a conclusion of this research and discusses the future research for

this work.
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Chapter 2

Peak Load Forecasting Based On Bayesian

Additive Regression Trees

2.1 Introduction

Peak load is defined as the highest aggregated demand of electric power within a period of time

in a certain area [83]. To meet the peak load, electrical utilities either schedule the purchase of

power or prepare operating reserves. Some, such as peaking plants, are expensive to operate and

maintain. Thus, accurate electrical peak load forecasting is critical to power system management

to prevent overloading and grid failure [84]. This chapter first focuses on peak load forecasting

for a residential area in the New Mexico and further extends to a business area in the Texas. The

load data is from the local private electrical utility in the northeast sector of Albuquerque (ABQ),

New Mexico, serving approximately 2000 residential and commercial customers where the local

utility has a distribution feeder. This locale features a high penetration level of PV generation and

is expected to have a significant increase in Plug-in electrical vehicle utilization in near future. The

other load data is from the public source of the The Electric Reliability Council of Texas (ERCOT)

at the north central of Texas [85]. This business area features a high load factor profile and many

PV installations. An accurate prediction of the peak load for the next day is crucial to the electrical



2.1. INTRODUCTION 11

utility. Because according to the prediction, they will make an economical schedule to purchase or

generate the power, utilize the renewable energy, maintain or upgrade their electric components in

the circuit, and reliably distribute the power to both residential and business areas.

The use of distributed energy resources is increasingly being pursued as a supplement as well as

an alternative to large conventional central power stations. Typically, these distributed generators

(DG) are renewable energy sources, such as photovoltaic and wind turbines, located throughout

the power system. For power load forecasting, the significant implementation of DG as a source of

energy in the system adds additional uncertainty because of their dependence on weather. More-

over, the effects on the power-system operation, especially where the intermittent energy source

constitutes a significant part of the total system capacity, must be considered.

In the recent literature, [86] proposes a method based on the self-organizing map and support

vector machine for short-term utility peak load prediction. In [87], the neural network is trained

by a genetic algorithm and used to forecast the peak load based on decomposed data. The semi-

parametric additive models is taken in [54] to estimate the relationship between demand and driver

variables, such as calendar variables, lagged actual demand and temperature. In general, studies

focus on short-term forecasting but few address the predictions of distribution feeder level peak

loads, like the residential area in the New Mexico. Load forecast at a distribution feeder level poses

challenges because of the complexity of the loads and the possibility of unexpected load operations.

Also, in small geographical areas, the distribution of human activities makes predictions difficult

whereas when the geographical area is larger, this effect is smoothed out. However, an accurate

forecast at a distribution feeder level has many advantages that cannot be reached at a higher level.

The goal of this chapter is to build a peak load prediction model based on a detailed analysis

of the load demand considering weather and human factors in the high PV penetration areas. A

strong linear relationship is displayed between the peak load and various weather factors during

the winter and spring months in Albuquerque and spring, summer and fall in the North Central

of Texas. However, a nonlinear relationship dominates in other months. The regression method-

ology that can accommodate both relationships is considered in this chapter. In particular, the

nonparametric regression method, Bayesian Additive Regression Trees (BART), is introduced to
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estimate the relationship between the peak load and the weather and human factors. The princi-

pled permutation-based inferential approach is utilized in BART to select the most likely effective

predictors. In addition, the BART method is compared with other methods such as the Multi-

ple Linear Regression (MLR), Support Vector Machine (SVM) and Gaussian Process Regression

(GPR). Each method is tested by forecasting the peak load of the next day. The BART method

shows the best predictive result with minimum mean square error (MSE), root mean square er-

ror(RMSE), mean absolute forecasting error (MAFE) and R2. Moreover, the Bayesian probability

model within BART provides useful uncertainty estimates which can be used to obtain an accurate

Bayesian credible interval for peak load prediction.

This chapter is organized as following: In section 2.2, the load and weather data from the

residential and business areas are analyzed. In section 2.3, the BART method is introduced. Section

2.4 constructs the different regression models, which has MLR, SVM, GPR and BART, based

on the weather and the human factors and peak load. In section 2.5, a detail results analysis is

presented. Finally, conclusion is given in the section 2.6.

2.2 Load And Weather Data Analysis

2.2.1 Load Data Analysis

The models are built using load data obtained from the Supervisory Control And Data Acquisition

(SCADA) system in a residential area of Albuquerque, New Mexico in 2012 and 2013. The data

was recorded in 15-minute intervals and provides a high fidelity sample. The load data from Texas

was obtained from the ERCOT utility public historical load profile in 2014 and 2015 with 15-

minute intervals [85]. Note: the original ERCOT load data is measured by kWh in 15-min interval,

if you want to get KW load data, you may consider: ldKW = 4ldkWh assuming during that one

hour period the datakWh is not changed, where ld means load data. We use the kWh load data to

keep the same format as the original load data both in Chapter 2 and Chapter 3. Based on the data,

daily load patterns are identified. Typically, the daily Albuquerque load pattern resembles an ”M”
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Figure 2.1: January 2013 load shape in Albuquerque

Figure 2.2: July 2012 load shape in Albuquerque
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Figure 2.3: Jan 2015 load shape in Texas

Figure 2.4: July 2014 load shape in Texas

with the peak loads occurring in the morning and evening in the spring, fall and winter months.

A similar ”M” shape pattern appears only in the winter and spring in the north central region of

Texas. The patterns are shown in Fig. 2.1 and Fig. 2.3. In the summer months in Albuquerque,
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the daily load shape is identified as a wave crest with the peak load appearing in the evening and

the similar pattern is displayed in the summer and fall of north central of Texas, as shown in Fig.

2.2 and Fig. 2.4. However, there is no specific daily load pattern for the transitional periods from

spring to summer and summer to fall in the ABQ and spring to summer in the north central of

Texas. Among Figures 1 to 4, the daily load ranges for the month are plotted as red dashed vertical

lines in 15-minute intervals for 24 hours. The green dashed line is the monthly mean daily load

for each month and the blue solid line displays the daily load on the 15th day of the corresponding

month. Both daily load (for example the 15th day of the month) and monthly mean daily load has

similar load shapes. The peak load varies with the season. In the spring and fall in Albuquerque,

the peak load is usually less than 5 MW while in the summer and winter it is between 6 MW to

7 MW. In north central Texas, the peak load is usually less than 50 KWh during the winter and

spring while in the summer and fall it is around 60 KWh. The load demand is low in this area is

mainly due to only 23 premises assigned to the high PV load profile. Compared to the residential

area in Albuquerque in summer and fall, the peak load in north central Texas appears earlier and

lasts longer, which it reflects that is a business area.

2.2.2 Weather Data And Peak Load

We expect the peak load to vary with the weather, so to explore this relationship, weather data

from the National Weather Service Forecast Office was obtained for the corresponding periods

of the peak load data [88]. For north central Texas, the available weather data includes the daily

maximum (tmpmax), mini-mum (tmpmin), average temperature (tmpavg), departure from normal

(dep), heating degree day (hdd), cooling degree day (cdd) and precipitation (wtr). In addition to

these weather factors, the average wind speed (avespd), two minutes maximum speed (2mxspd),

the wind direction (dir), highest wind speed (mxspd) and wind compass direction (dr) are available

for Albuquerque weather data. Moreover, to include the effects of human behavior, information on

workdays and weekends (wkdt) and holidays (hld) are also added for both areas. These relation-

ships are explored using scatter plots and correlation analysis. The correlation table for the peak

load and weather variables are summarized in Table 2.1 for each month in 2012 in Albuquerque
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and for north central Texas in 2014 in Table 2.2. Table 2.1 shows that the maximum and average

temperature have a high correlation with peak load in nearly every month, and precipitation and

heating degree day are highly correlated with peak load in certain months. While in Table 2.2, the

maximum and average temperature have a high correlation with peak load in the summer and fall

month and hdd, cdd and wkdt are correlated with peak load in the certain month.

Typically, it is not a good choice to either select all the weather factors as the predictors, or

take only the weather factors that are highly correlated with peak load as predictors, because they

may exist the correlated weather factors, such as daily highest temperature and heating degree

day in spring. For linear regression models, forward-stepwise and backward-stepwise may be

used in predictors selection [89]. For nonlinear regression models, a method based on a Taylor

expansion of the nonlinear model around a given point in the sample space is presented in [90].

To reasonably choose weather factors as predictors for the regression models, different variable

selection methodologies are utilized, which is explained in part 2.4.

Table 2.1: Correlation Table Between the Peak Load And Other Factors at 2012 in the Albuquerque
month tmpmax tmpmin tmpavg dep hdd wtr avespd 2mxspd dir mxspd dr wkdt hld

Jan -0.837 -0.069 -0.591 -0.511 0.591 0.103 0.328 0.238 -0.0745 0.276 0.014 -0.041 0.233
Feb 0.771 -0.1023 -0.645 -0.60 0.644 0.137 0.135 0.196 -0.136 0.175 -0.003 -0.135 0.332
Mar -0.925 -0.762 -0.909 -0.891 0.909 0.145 0.669 0.531 0.159 0.507 0.155 0 -0.168
Apr -0.477 -0.305 -0.423 -0.388 0.563 0.79 -0.205 -0.221 -0.011 -0.249 0.105 -0.254 0
May 0.793 0.756 0.838 0.641 -0.387 -0.198 0.01 -0.18 0.118 -0.2 0.179 -0.182 0.004
Jun 0.825 0.633 0.837 0.315 0 0.036 -0.212 -0.309 0.335 -0.277 0.352 0.179 0
Jul 0.795 0.684 0.819 0.815 0 -0.356 -0.088 -0.329 0.126 -0.311 0.095 0.222 0.038

Aug 0.847 0.512 0.845 0.796 0 0.055 0.095 -0.103 0.016 -0.084 -0.085 0.0811 0
Sep 0.867 0.784 0.914 0.705 -0.288 -0.137 -0.167 -0.281 0.408 -0.253 0.443 0.058 0.397
Oct 0.422 0.389 0.444 0.212 -0.351 0 -0.211 -0.009 0.117 -0.018 0.145 -0.05 0
Nov -0.872 -0.695 -0.859 -0.636 0.859 -0.0163 0.352 0.249 0.007 0.242 0.223 0.087 0.176
Dec -0.879 -0.72 -0.858 -0.85 0.858 0.056 0.483 0.493 0.404 0.505 0.139 0.01 0.097

2.3 Introduction to the BART Method

Bayesian Additive Regression Trees (BART) is a Bayesian-based regression trees method, intro-

duced by Chipman [91]. BART is the method that is comprised of a sum-of-trees and a set of

rules to regulate the prior on the parameters of the method, which not only has the ability to fit the
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Table 2.2: Correlation Table Between the Peak Load And Other Factors at 2014 in the north central of Texas
month tmpmax tmpmin tmpavg dep hdd cdd wtr wkdt hld

Jan -0.693 -0.497 -0.646 -0.655 0.643 0 0.058 -0.512 -0.275
Feb -0.266 -0.22 -0.262 -0.256 0.268 0 -0.045 -0.513 0.148
Mar 0.551 0.479 0.557 0.533 -0.477 0.766 -0.037 -0.522 0.113
Apr 0.917 0.773 0.893 0.877 -0.819 0.823 -0.368 -0.132 0.045
May 0.804 0.536 0.749 0.795 -0.499 0.735 -0.256 -0.084 -0.232
Jun 0.815 0.565 0.772 0.713 0 0.761 -0.535 -0.416 0.198
Jul 0.860 0.803 0.883 0.86 0 0.879 -0.275 -0.445 -0.196

Aug 0.785 0.742 0.807 0.803 0 0.799 -0.317 -0.459 0.118
Sep 0.919 0.868 0.923 0.811 -0.481 0.92 -0.289 -0.508 0.108
Oct 0.904 0.806 0.93 0.866 -0.371 0.929 -0.089 -0.343 0
Nov 0.194 0.293 0.255 0.171 -0.238 0.242 0.024 -0.413 -0.402
Dec 0.340 0.373 0.391 0.347 -0.387 0.481 -0.038 -0.315 -0.169

interaction, but also has the capability to strongly approximate nonlinearity.

Suppose an unknown function, f , is to be approximated at the ith trial based on an output yi

and let input have a p dimensional space, such that, xi = (xi1, ..., xip)
T is a p dimensional vector

input at ith trail. The output may be written as:

yi = f(xi) + ε, ε ∼ N(0, σ2) (2.1)

and define a single tree

yi = g(xi;T,M) + ε, ε ∼ N(0, σ2) (2.2)

where T is a binary tree that includes a set of terminal nodes (leafs) and decision rules for it’s

interior nodes. The decision rules split the predictor space based on whether the xi belongs to a

certain subset of xi’s range space. The M = {µ1, µ2, ..., µb} consists of a group of parameters,

each associated with a terminal node (leaf) of T with all b nodes in T ; g(xi;T,M) is the function

that assigns a value of µj ∈M to xi based on a given T and M , where j ∈ N, j ∈ [1, b].

With the single tree expression in (2.2), the BART method as a sum-of-trees ensemble can be

written as:

yi =
m∑
t=1

g(xi;Tt,Mt) + ε (2.3)
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where ε is a fitting error with ε ∼ N(0, σ2); Mt is a set of terminal node parameters that

associates with the binary regression tree Tt and t ∈ [1,m]. According to the decision rules in the

range of xi, µjt from Mt is assigned to the terminal node by function g(xi, Tt,Mt). From (2.3), the

sum of the terminal values µjt of all trees is the approximation of yi. In the BART method, when

tree number m bigger than one, every µjt only consists a small partition of E(yi|xi). However,

the µjt has a large effect on g(xi, Tt,Mt) in the case when g(xi, Tt,Mt) only depends on a single

variable of xi. Meanwhile, the µjt has an interactive effect when g(xi, Tt,Mt) depends on several

variables of xi. Therefore, when the number of trees is large, the BART method equips the ability

of interactive and nonlinear approximation, enhancing its predictive capability.

Compared to other ensemble of trees’ methods, BART incorporates a probability strategy. It

has the priors and likelihood for the leaf parameters and the tree’s structure. The regulation of

prior in the BART specializes in the trees’ structure, the leaf parameters of the trees, and the error

variance σ2. The prior regulation are simplified in [91] by assuming the independence in the trees’

component themselves, the leaf parameters of every tree and the independence of σ2 with trees’

structures and leaf parameters. This can be written as: assume Gt equals (Tt,Mt), t ∈ [1,m]

p(G1, ..., Gm, σ
2) =

[
m∏
t=1

p(Gt)

]
p(σ2) =

[
m∏
t=1

p(Tt,Mt)

]
p(σ2)

=

[
m∏
t=1

p(Mt|Tt)p(Tt)

]
p(σ2) =

[
m∏
t=1

b∏
j=1

p(µj,t|Tt)p(Tt)

]
p(σ2)

(2.4)

The prior p(Tt) is firstly specified to control the locations of nodes in the trees structure. The

nodes have the probability, α(1+d)−β , to be nonterminal at depth d, where α ∈ (0, 1), β ∈ [0,∞).

Clearly, when d is big, the probability that a node is nonterminal is small, which forces the tree

structure to become shallow. Meanwhile, the splitting variable is randomly selected from predic-

tors with a discrete uniform distribution and the splitting value is selected for the node according

to the discrete uniform distribution also.

The prior p(µj,t|Tt) is used to control the nodes parameters. Let the µj,t ∼ N (µµ, σ
2
µ). The core
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idea to select µµ and σ2
µ is to make sure that the E(yi|xi) has a high probability of being assigned

in the interval (ymin,i, ymax,i), where ymin,i and ymax,i are the minimum and maximum values at

the observation of y in the ith trial. This can be achieved by letting mµµ + k
√
mσµ = ymax,i

and mµµ − k
√
mσµ = ymin,i. When k = 2 for instance, the E(yi|xi) has 95% probability to be

assigned in the (ymin,i, ymax,i). Moreover, these steps can be simplified by scaling and shifting the

yi such that ymax,i = 0.5 and ymin,i = −0.5. And centralize the prior for µj,t at zero so µµ = 0 and

let σµ = (2k
√
m)−1, which yields µj,t ∼ N (0, σ2

µ). It can be seen when the number of tree m or k

is big, the σµ is forced to small so to shrink the range of µj,t. Thus, it limits the effect of leafs in

the trees.

The last prior p(σ) controls the error variance. It is chosen to follow the inverse Chi-squared

distribution, σ2 ∼ inv-χ2(ν, λ). The ν and λ is specified by the data-informed approach, so the

estimated σ̂ of σ would be the yi standard deviation, or σ̂ is specified as the residual standard

deviation from the model that is built by fitting yi and xi in a least squares linear regression.

In all, the priors provide a regulation of each tree to avoid a domination in the function fitting,

thus each tree in BART may be considered a ”weak” learner. Moreover, the Markov Chain Monte

Carlo (MCMC) algorithm is used to sample the posterior based on the output observation. Further-

more, the BART method does not assume continuity of the response, and thus is appropriate for

the case when the response changes suddenly or is nonstationary [92]. Moreover, BART’s fore-

casting ability outperforms other methods, such as random forests, neural networks, boosting and

treed Gaussian Process [91] [92]. Because peak loads may change suddenly, BART is used for its

prediction. An in-depth description of BART can be found in [91].

2.4 Construction of Models

From chapter 2.2, the strong linear relationship between the peak load and certain weather factors

were identified, indicating the multiple linear regression (MLR) method may be appropriate. Next,

the support vector machine, (SVM), a kernel based method, is used to fit the peak load and weather
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data with its nonlinear approximation capability. In addition, the composite kernels method, Gaus-

sian Process Regression model (GPR), is introduced to further test the kernels method at nonlinear

approximation. Last, the BART method is applied to the peak load prediction.

Each of these regression models are tested by out-of-sample testing: let n denote the sample

length, such that n daily peak load samples are taken to train each model with n different for each

model. Let the t = 1, ŷn+t be the next day peak load forecasting from the trained model and the

next day’s real peak load be yn+t. The error in the forecasting is defined as et = ŷn+t − yn+t, n ≤

60, t ∈ [1, 365 − n], ∀t, n ∈ Z. The forecasting error vector e = (e1, e2, ..., et)
T is produced by

gradually increasing t with a fixed n like a moving window.

2.4.1 The Multiple Linear Regression Method

The general expression of Multiple Linear Regression Method (MLR) is:

yi = β0 +

p∑
k=1

βkxik + ε, ε ∈ N(0, σ2) (2.5)

where i is the number of trials; p is the number of predictors; xik, is the kth predictor at ith trial; yi

is the response; and β0 and βk, k ∈ [1, p] are unknown coefficients for the MLR.

In order to perform variable selection and meanwhile, minimize the MLR’s forecasting error,

the elastic net method is chosen. Elastic net method is the convex combination of L1 lasso penalty

and L2 ridge penalty, it outweighs the ridge regression in variable selection and surpasses the lasso

at dealing with highly correlated predictors and forecasting accuracy [93]. Assume predictors xik

are standardized, the elastic net provides solution for the following parameter estimation [93, 94]:

β̂ = arg min
β

[
|y −Xβ|2 +

λ

2
(1− α)‖β‖2`2 + λα‖β‖`1

]
(2.6)

where β = (β0, β1, β2, ..., βp)
T , with p = 13 for the Albuquerque data and p = 9 for the north

central of Texas data; the predictor X is a n × (p + 1) matrix where n is the sample size. And

X = (I,x1,x2, ...,xp) with xk = (x1,k, ..., xn,k)
T and k ∈ [1, p] are the weather and human factors

and y is a n × 1 vector of the responses composed of peak load values. The best sample size n is
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tested and fixed. When α = 0 or α = 1, (2.6) corresponds to the case of ridge regression or lasso

regression respectively.

2.4.2 Support Vector Machine Model (SVM)

Support Vector Machine (SVM) is a popular and powerful tool for regression analysis. With tests

and comparison, the ε−Support Vector Regression (ε-SVR) is used and the standard form of SVM

can be written as [95]:

min
ω,b,ξ,ξ∗

1

2
ωTω + C

l∑
i=1

ξi + C
l∑

i=1

ξ∗i (2.7)

subject to: ωTφ(xi) + b− yi ≤ ε+ ξi,

yi − ωTφ(xi)− b ≤ ε+ ξ∗i ,

ξi, ξ
∗
i ≥ 0, i = 1, ..., l.

Where xi = (xi1, ..., xip)
T , p = 13 or p = 9 depends on two different areas, is the feature

vector, composed of the weather and human factors and i is the sample time index; yi, y ∈ R1, is

the target output, that is, the peak load values corresponding to the feature vector; The SVM uses

a dual form that depends on dot products: K(xi,xj) = φ(xi)
Tφ(xj) and choosing K(xi,xj) =

exp(−γ||xi − xj||2) and ε = 0.1. To perform the feature selection, the method, built on the

maximal statistical dependency criterion based on mutual information, is selected [96]. To tune

the model, the cross-validation and simulated annealing algorithm are used to select the best pair

of parameters: C and γ. The size of the training samples is fixed during the tests.

2.4.3 Gaussian Process Regression Model (GPR)

Gaussian Process (GP), a non-parametric method with a composite of kernels, is used for build-

ing the regression model. In this chapter, a brief description of GPR with a composite kernel is
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introduced.

A Gaussian Process is a collection of random variables, any finite number of which have a joint

Gaussian distribution [97]. To define a Gaussian Process, the mean function and the covariance

function need to be specified. Assume f(xi), ∀i ∈ N is a Gaussian Process, where xi is the

predictor. It is denoted as: f(xi) ∼ GP(m(xi), cov(xi,xj)), ∀i, j ∈ N where m(·) is the mean

function and cov(·, ·) is the covariance kernel of f .

Let the kernel function is k(·, ·) and in this work, the composite kernel function is composed by

automatic relevance determination squared exponential (ARDSE) kernel, isotropic weight linear

kernel and a constant, which is expressed as:

xr = xk − xj,M = diag(`1, `2, ..., `p)
−2

k(xk,xj) = σ2
fexp(−1

2
xTr Mxr) + σlrx

T
k xj + σc

where M is a symmetric matrix with diagonal values as `−21 , `−22 , ..., `−2p . The hyperparameters

of the ensemble kernel are: θ = (σ2
f , `1, `2, ..., `p, σlr, σc). An ARDSE kernel is the inverse of the

hyperparameters of M, which helps the kernel to measure the relevance of new inputs. If it is not

relevant, the new inputs will be removed from the inference. In order to fit the linear relation inside

predictors and responses, a linear kernel is added and a constant is added to tune the variance. In the

simulation, the hyperparameters are initialized as: log `t = val, where t ∈ [1, p] and val ∈ [5, 7).

The log σf equals the standard deviation of yi and σlr = σc = 1. To make the forecasting objective,

the val is evenly initialized from [5, 7) with interval 0.2 for every forecasting and the final next day

peak load forecasting is the average of all forecasting corresponding to different values of val.

2.4.4 BART Model

In chapter 2.3, the general idea of the nonparametric method, BART, is introduced. Here, for

equation (2.3), the x = (x1, x2, ..., xp)
T , p = 13 or p = 9, is the weather and human factors and

the y is the vector of peak load value y. For the selection of variables, the principled permutation-

based inferential approach is used [98]. The basic idea of this approach is: creating k permutations
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of the response vector, yl, l ∈ [1, k], run the BART with each created response and the original

predictors, x. Through the permutations, the dependency between the predictors and responses is

removed and the likely dependencies among the predictors is saved. Next, summarize the variable

inclusion proportion based on the previous k times BART tests. For every predictor, construct

a variable inclusion proportion’s null distribution. Finally, the methods to choose the threshold

are built to select the predictor variables. Cross-validation is used to choose the best thresholding

method. It is noticed that the principled permutation-based inferential approach may work better

with many predictors. In this work, with few predictors in the data of business area at north central

of Texas area, this approach is not applied. To choose the right priors for the BART, our model takes

the recommendation from [91] and extends it. The Tt prior is calculated by the backfitting MCMC.

The prior of µjt|Tt is computed by the distribution of µjt, where µjt ∼ N(0, σ2
µ), σ2

µ = 1
2k
√
m

, m

is the number of the tree. Here, choose k = [1, 1.5, 2, 2.5, 3] which evenly distributes among the

recommended intervals. For the prior of σ follows the distribution σ2 ∼ νλ/χ2
ν inverse chi-square

distribution. The data-informed prior method is used to specify the ν and λ, where ν ∈ [3, 10], and

a λ is chosen to set the qth quantile of the prior on σ that positioned at its estimation. The pairs

of (ν, q) = [(3, 0.9), (3, 0.99), (10, 0, 75), (3, 0.95)] are chosen. The number of trees are chosen to

m = [10, 30, 50, 100, 150, 200]. To make the prediction comparatively stable, the burn in and burn

out times are set equal 4000 for the MCMC algorithm iteration. The training size of predictors

affects the forecasting accuracy and we notice in some case that the default parameters of k, ν, q

and m also give good forecasting result. All the simulations are written in R with the bartMachine

package [99]. The Bayesian based method typically requires heavy computation by nature. In

order to run BART, the simulations are tested at the Center for Advanced Research Computing at

the University of New Mexico.

2.5 Results

The prediction accuracies for methods: the MLR, the SVM, the GPR and the BART are compared

and the effective weather and human factors to forecasting the peak load are summarized for both
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Albuquerque and north central of Texas.

2.5.1 Forecasting Comparison

The forecasting accuracy is attained by four measurements of goodness-of-fit: Mean Square Error

(MSE), Root Mean Square Error (RMSE), Mean Absolute Forecasting Error (MAFE), coefficient

of multiple determination R2 and the Mean Absolute Percentage Error (MAPE). The four methods

are compared in Table 2.3 for the Albuquerque data and in Table 2.4 for the Texas data.

Table 2.3: Forecasting Accuracy Comparison for Albuquerque Area

Index MLR12 SVM12 GPR12 BART12 MLR13 SVM13 GPR13 BART13

MSE 0.129 0.137 0.125 0.122 0.138 0.130 0.125 0.117
RMSE 0.360 0.371 0.353 0.349 0.371 0.361 0.354 0.344
MAFE 0.270 0.276 0.260 0.258 0.270 0.270 0.250 0.248
R2 0.863 0.854 0.867 0.871 0.826 0.836 0.842 0.851

MAPE 5.97% 6.18% 5.79% 5.73% 6.03% 6.23% 5.62% 5.56%

Table 2.4: Forecasting Accuracy Comparison for north central of Texas

Index MLR14 SVM14 GPR14 BART14 MLR15 SVM15 GPR15 BART15

MSE 2.010 1.777 1.233 1.177 1.872 1.660 1.136 1.078
RMSE 1.418 1.333 1.111 1.085 1.368 1.288 1.066 1.038
MAFE 1.112 0.974 0.837 0.797 1.059 0.976 0.788 0.759
R2 0.949 0.955 0.968 0.970 0.955 0.960 0.972 0.974

MAPE 2.27% 1.98% 1.70% 1.61% 2.16% 1.99% 1.62% 1.53%

In the above tables, the columns are labeled with the method and the year, so that MLR12 is

the 2012 data using the multiple linear regression model. The other columns are similarly denoted.

Overall the BART method show the best predictions in all four years and in both the Albuquerque

residential area and the Texas business district. It can be noted that the forecasting is superior in the

Texas business district because there is less fluctuation in the data. Conversely, the Albuquerque

peak load data varies significantly, so the selected predictors in the residential area are hard to make

very accurate inference for the response through regression. For example, the fluctuations can be

examined by looking at the normalized fluctuations over a year in each district. Using two metrics
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of the fluctuation, one using the range and the other the standard deviation, the two districts can be

compared. Assume the y is the yearly peak load record for a certain year at one of these areas. The

Data Change Ratio can be define by: max(y)−min(y)
y

, or by Standard Deviation Ratio: σy
y

, where y

is the mean value of the y.

Table 2.5: Yearly peak Load data changing ratio comparison

Residential area Business area

Measurement Index 2012 2013 2014 2015

Data Change Ratio 0.851 0.840 0.439 0.467

Standard Deviation Ratio 0.202 0.196 0.126 0.129

The data is summarized in Table 2.5. The two measurement indices are consistent and show

that the annual fluctuation in Albuquerque is much larger than in North Central of Texas.

A variety of factors can be the source of the large fluctuations in peak power load in the two

districts. One explanation could be the difference in usage between the Texas business district and

the Albuquerque residential district. However, a more likely source is the effect of weather.

Examination of the peak load data showed Albuquerque had large fluctuations in the spring and

summer seasons. In the summer, New Mexico, Arizona and some surrounding areas are subject

to the Southwest Monsoonal pattern. Monsoon is an Arabic word which means change in wind

pattern. Moist air travels from the Gulf of Mexico and results in abrupt, heavy rainstorms in

the summer afternoons which then cools the air temperature significantly. This results in large

temperature range even on a daily basis. In the spring, the big temperature diurnal variation is due

to the dry, high altitude climate which promotes radiative heat loss during the night but warming

to relatively high temperatures during the day. In the Spring, Albuquerques temperature can range

over 30 degrees with daily lows in the morning of 58 degrees warming to 88. This is in contrast to

the low altitude climate of North Central Texas which shows daily temperature ranges of 19 and

20 degrees in spring and summer respectively.

In order to clarify the prediction errors in the spring and summer, the forecasting prediction

error is presented for the four methods for both areas’ data for one month in the spring and one
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month in the summer. Figure 2.5∼2.8 show that even with the large seasonal temperature swings,

the BART method shows more tolerance for fluctuations in the peak load data and yields more

accurate forecasts.

Figure 2.5: 2012 Prediction Error Comparison in Albuquerque

In these figures, the x-axis is the number of the days and y-axis is the forecasting error in

percentage, which is defined: ŷd−yd
yd
× 100%,∀d ∈ [1, 60], where the ŷ is the peak load forecasting

from each method, and the y is the real peak load for the same day. The red dotted line presents the

peak load prediction error by using the MLR method, the blue dashed line displays the prediction

error for the SVM method, the magenta dash-dot line presents the forecasting error for the GPR

model, and the green solid line represents the prediction error from the BART method. From the

observation at the figures, the BART forecasting error is distributed closely within ±0.05 (±5%

error) both in the residential and business areas and has less peak value than the other three types of

lines. These demonstrate that BART method has the best generalization and forecasting capability.

Another feature of the BART method is the uncertainty estimate, which provides a confidence

interval for the prediction. Meanwhile, although MLR is simple, it works well when weather
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Figure 2.6: 2013 Prediction Error Comparison in Albuquerque

Figure 2.7: 2014 Prediction Error Comparison in north central of Texas
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Figure 2.8: 2015 Prediction Error Comparison in north central of Texas

factors are highly correlated with the peak load, which explains why the MLR peak load forecasting

model is acceptable to the local utility. However, the BART method exceeds the MLR in every

metrics, which provides the local utility with a more accurate peak load prediction. The composite

kernel method, GPR, is also good at approximating unknown nonlinear functions. Comparing

with the MLR and the SVM, GPR has the value of MSE, RMSE, MAFE, R2 and MAFE that are

closer to BART. GPR requires less computation than the BART, and it also equips the uncertainty

estimate. When the computation resource is limited to the user, GPR may be an acceptable choice.

2.5.2 Weather And Human Factor Analysis

For each method, the influence of the dominant weather and human factors affecting the peak load

are measured differently. The weather information is kept in the format consistent with [88]. The

human factors are attached with two columns as: one column is the work day and weekend which

are marked as sequences from 1 to 7 rotatively; the other is the holidays which are marked as 1 and
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0 otherwise.

For the MLR, the coefficients for all the predictions selected by elastic net are summarized

to measure the importance of weather and human factors by comparing the
∑730

d=1 βk for each k,

where k ∈ [1, 13] in the residential area at Albuquerque and k ∈ [1, 9] in the business area at

north central Texas. From the ranking, the daily maximum temperature, holidays and the average

temperature are the top three influential factors in the residential area. Meanwhile, in addition to

previous three influential factors, precipitation is another important weather factor in the business

area.

For the SVM, the mutual information quotient scheme of minimum redundancy maximal rele-

vance (mRMR) is performed to select top influential predictor variables [96]. For each step during

the forecasting, the selected predictors are used both for training and forecasting. To measure the

importance of the predictors, the number of times that each predictor appears during the year long

forecasting is counted. The top four influential factors in the SVM model’s prediction at residential

area are daily maximum and average temperate, temperature departure from normal and the hol-

iday. For the business area, the top four influential factors are the daily maximum and minimum

temperature, the temperature departure form normal and the sequence of workdays and weekends.

For the GPR, the kernel hyperparameters, `p for p = 9 or p = 13 after tuning, are utilized

to measure the importance of the weather and human factors, since the `p are the characteristic

length-scales, which measure the relevance between the inputs and the function value [97]. The

strategy is to compare the
∑730

t=1 log `p for all p in these two areas. The p, which corresponds to the

smallest sum of log `p, is the number of the most relevance predictor. By using this strategy, the top

four influential factors in the residential area are the daily maximum and average temperature, the

sequence of work day and the temperature departure. In the business area, the top four influential

factors are the sequence of the work day, the holiday, the daily maximum and average temperature.

Since BART is a nonparametric method, the coefficients cannot be measured directly. The

number of times that each factor appears in the variable selection is summarized and compared

based on the principled permutation-based inferential method. According to our computations,
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the top four influential factors on the peak load are the daily maximum temperature, the daily

average temperature, holidays and precipitation in the residential area. In the business area, the

daily maximum temperature, the daily average temperature, the sequence of the work day and the

cooling degree of day are the top four influential factors.

Therefore, to make an accurate peak load prediction, the daily maximum and average temper-

ature and the human factors are the most important factors for the utility to consider. However,

various regression methods favor different weather and human factors, but the strongly correlated

ones may always be included inside the predictors.

2.6 Conclusions

In this chapter, Bayesian Additive Regression Trees (BART), a nonparametric method, is intro-

duced for peak load prediction. First, the weather, human factors and load data are analyzed

carefully for both residential area at Albuquerque and the business area at north central of Texas.

BART is then built based on the principle of permutation-based inferential variable selection. To

show the effectiveness of the BART method, it is compared with the MLR, the result that we col-

laborated on with our local utility, the single kernel method SVM and the composite kernel method

GPR. In this work, BART results outperform the other three methods in all four indexes: MSE,

RMSE, MAFE andR2. Furthermore, BART provides a confidence interval to predict the peak load

with very high accuracy. The BART method further improves our previous MLR result and can be

considered as a superior peak load forecasting model for our local utility.
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Chapter 3

Short-term and Very-Short-term Load

Forecasting Based On Gaussian Process

Regression and Curve Tuning

3.1 Introduction

Short-term load forecasting, as the forecasting length from one hour ahead up to a week [100],

and very short-term load forecasting, with forecasting ranging from a few minutes to an hour

[118], are the important topics that received a lot of attention in both the research and industrial

communities since its forecasting quality is crucial to the operation of smart grid and the trading

activities of auction-based electricity market participants [54,101]. The widely applied integration

of distributed generators, such as solar PVs and wind turbines, increase the difficulty of forecasting

due to their uncertainty property. The forecasting is becoming even harder for the distribution-level

of the circuit, where features small volume of load demand and is easily affected by human and

weather factors. This work focuses on the time series day-ahead short-term and very short-term

load demand forecasting in the distribution-level circuit at the residential area of Albuquerque of

New Mexico and business area at north central of Texas. And both areas have a high penetration
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of PV in their load profile.

Many methods have been applied to do time series short-term load forecasting. Classic meth-

ods, include the multiple linear regression, stochastic time series, state space, and ARMA, are

analyzed in [103, 104]. In [105], the ensemble learning methods are built upon and compared to

the ARMA. The development of artificial intelligence influenced several techniques for load fore-

casting applications. Among them, neural networks have been widely accepted for its strong ability

at nonlinear approximation, and two detail reviews are summarized in [21, 38]. Some interesting

works, such as [108] introduces a wavelet decomposition based short-term forecasting method and

the similar shape functional time series approach is proposed in [109] to do short-term forecasting.

In the last two decades, the kernel methods have been studied extensively and employed widely

and successfully in the forecasting. In [110], the kernel method, Support Vector Machine (SVM),

won the load forecasting competition in European Network on Intelligent Technologies for Smart

Adaptive Systems, and an influential review is introduced in [111]. Gaussian Process Regression

(GPR) is one of popular kernel methods. It outweighs other kernel methods with probabilistic

properties, and it provides the prediction with an uncertainty estimation [97].

In [113, 114], the GPR is introduced to do load forecasting and temperature related load fore-

casting with common single kernel comparison. In [115], the Twin Gaussian Process priors are

applied on both covariance and response for load forecasting. The monthly load is predicted by

Gaussian Process with kernels in [116]. Though common kernels are employed and analyzed,

the analysis of properties of composite kernels in the GPR framework is barely mentioned. Few

hybrid GPR models discuss the composite kernels of GPR. For example, [117] incorporates the

neural network model with five GPR sub-models for wind power forecasting and [118] uses the

genetic algorithm to optimize the parameters of ensemble GPR sub-models for very short-term

load forecasting. However, the concentrations are on the additive models, either linear or nonlin-

ear combination, and do not provide the analysis of product composite kernels.

In this work, a new framework is proposed to do short-term and very short-term forecasting. It

combines the composite Matérn kernels (CMKs) (additive and product of Matérn kernels) of GPR

with curve tuning method, which is built based on the dictionary learning algorithm. First, the
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day-ahead level short-term load forecasting model is designed based on the thorough analysis of

common kernels in the GPR environment. Both residential and business areas 15-minute interval

load data profiles are analyzed in detail. The amplitude of load patterns is usually different between

weekdays and weekends in the business area, while it has less difference in the residential area, but

the daily load pattern changes more in the residential area. The common kernels are tested with

different length of training data for four years to select the best kernel. Among them, the Matérn

kernel displays the best approximation properties and the most robust load forecasting correspond-

ing to the different parameter initialization. The CMKs are then designed based on the Matérn

kernel. To further improve the composite kernels forecasting accuracy, an algorithm is designed to

select the training data from historical load data based on the multivariate normal distribution of

daily maximum and minimum temperatures. While CMKs with selected training data can provide

a comparatively high accuracy and uncertainty estimation of day-ahead load forecasting, there are

some cases that the CMKs can’t deal, such as weather is suddenly changed next day or human

activities are not expected as usual. Even in these cases, in some sense, the load patterns share

some similarities with the normal case. To solve the issues in these cases and to take advantage

of the similarities, a new error drove curve tuning algorithm based on the dictionary learning al-

gorithm, K-SVD [120], is proposed to adjust the predicted curve, derived from the CMKs. When

the accumulated error, generated between predicted curve and real load curve, surpasses the de-

fined boundary, the algorithm first decomposes the predicted curve into several atoms based on the

fixed dictionary. The partial known load curve is then approximated by the same partial length

of some atoms generated from sparse coding. The same coefficients and atoms with whole day

length are then employed to do curve tuning and forecasting. The minimization of the variance

of coefficients is the first index that is utilized to select the best curve from sparse coding for the

specific number of atoms. To further stabilize and converge the curve tuning, the mean value of

the predicted load curve is an additional index that is used to measure the quality of the predicted

curves. Since the mean value of the predicted load curve is an inference for the mean value of

real load curve, the model to adjust the inference is designed by integrating the linear regression

models with forecasting errors as feedback.
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The main contributions of this work are:

(1) A new framework is proposed for short-term and very short-term load forecasting with high

accuracy for both residential and business areas with high PV penetration at the feeder level.

(2) The CMKs based on GPR are proposed to do time series short-term load forecasting. The

detailed kernels comparison and Matérn kernels are analyzed.

(3) An algorithm based on the daily maximum and minimum temperature is proposed to help

the CMKs to choose the training data, which improves the day-ahead forecasting accuracy to a con-

siderable. The training data with weekend and weekday is separated also improves the forecasting

accuracy.

(4) A novel curve tuning algorithm based on the dictionary learning algorithm, K-SVD, is

proposed. This curve tuning algorithm displays excellent ability at very short-term load forecast-

ing (from 15-minutes to 4 hours). In addition, it takes the advantage of CMKs’ outputs, and it

continuously improves the kernels’ output with time.

(5) The curve tuning algorithm is adjusted to converge quickly by integrating linear regression

models with forecasting error as feedback. The method is designed to infer the mean value of the

daily load.

3.2 Introduction to GPR and K-SVD

The GPR is briefly reviewed and the dictionary learning algorithm, K-SVD with order recursive

matching pursuit, is also briefly introduced.

3.2.1 Gaussian Process Regression (GPR)

Gaussian Process (GP), a non-parametric method with a composite of kernels, is used for build-

ing regression model. GP provides a principled and probabilistic approach to learning in kernel
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machines, which provide the GP with advantages at model selection and interpretation of model

predictions [97].

Let ŷi be the prediction of the load yi where i is the sample daily time index and i ∈ N. Define

the prediction:

ŷi = f(xi) = wTφ(xi) =
h∑

m=1

wmφm(xi) (3.1)

where φ(·) is the vector of h basis function φ(·). The predictor, xi, is the vector with length

p. For the time sequence, p = 1 and xi is the time variable. w is the weight vector and w =

(w1, w2, ..., wh)
T and assume the Gaussian distribution of w that is defined: P (w) = N (0, σ2

wI),

where P (w) is the prior distribution, σ2
w is the variance and I is the unit matrix [112].

Let ŷi = (ŷi−l+1, ŷi−l+2, ..., ŷi)
T be the set of responses to the certain predictors xi−l+1,xi−l+2,

...,xi, where l is the training length with l < i, l ∈ N. Then ŷi may be written as:

ŷi = Φw (3.2)

where Φ is matrix with element Φuj = φu(xj),∀u ∈ [1, 2, ..., h], ∀j ∈ [i− l+ 1, i− l+ 2, ..., i]. It

can be seen that ŷi follows a Gaussian distribution because it is a linear combination of Gaussian

variables, and thus, the mean and covariance of ŷi may be written as [42]:

E(ŷi) = ΦE(w) = 0 (3.3)

cov(ŷi) = E(ŷiŷ
T
i ) = ΦE(wwT )ΦT = σ2

wΦΦT (3.4)

To build a GP regression model, assume

yi = ŷi + εi (3.5)

where εi is the Gaussian noise as the prediction difference and εi ∼ N (0, σ2
ε ). Let yi =

(yi−l+1, yi−l+2, ..., yi)
T , then, by combining (3.5) and definition of ŷi, it can be deduced:

P (yi) = N (0, cov(ŷi) + σ2
ε I) (3.6)
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This indicates that the prior distribution of yi is also Gaussian distribution [113] and the co-

variance of yi is cov(yi) = cov(ŷi) + σ2
ε I

Let (k, j) be the entry of cov(ŷi). The element of cov(ŷi) may be written as:

cov(ŷi)kj = [σ2
wΦΦT ]kj = σ2

w

h∑
m=1

φm(xk)φm(xj) (3.7)

The element of cov(y) thus may be written as:

cov(yi)kj = σ2
w

h∑
m=1

φm(xk)φm(xj) + σ2
ε δkj (3.8)

where δkj is the Dirac function.

The calculation of the inner product of (3.7) and (3.8) can be computed as the covariance

functions, which satisfy the Mercer conditions [97], to avoid the explicit computation of φ(·). The

covariance function (kernel) may be written as:

k(xk,xj) = σ2
w

h∑
m=1

φm(xk)φm(xj) (3.9)

To make a prediction of yi+1 conditioned on yi, P (yi+1|yi), the posterior distribution is com-

puted by Bayesian theorem [113]:

P (yi+1|yi) =
P (yi+1,yi)

P (yi)
(3.10)

where P (yi+1,yi) is the joint distribution that follows a Gaussian distribution by previous anal-

ysis and (3.6). P (yi) is the prior distribution which is a constant.

The joint distribution may be expressed as:

P (yi+1,yi) = N (0, cov(yi+1)) (3.11)

where cov(yi+1) is the covariance matrix with dimension (l+ 1)× (l+ 1). It can be expressed

as:

cov(yi+1) =

cov(yi) kv

kTv s

 (3.12)
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where cov(yi) is a matrix with l× l dimension. kv is l× 1 vector that has elements k(xn,xi+1)

for n = i− l + 1, i− l + 2, ..., i and s is a scalar [42].

With (3.10)∼(3.12), matrix partition and inversion, the mean and covariance of the conditional

distribution P (yi+1|yi) are expressed below, which are the results for the GP regression prediction:

m(yi+1) = kTv cov−1(yi)yi (3.13)

σ2(yi+1) = s− kTv cov−1(yi)kv (3.14)

To make a good prediction in GP regression model, it not only needs to choose good ker-

nel/kernels, but also requires finely inferring and tuning the hyperparameters. The detailed com-

parison of common kernels and the general idea for inferring the hyperparameters are introduced

in Section 3.3. Note, since the data sampled here is in 15-min intervals for day-ahead forecasting,

another 95 time points, i.e.: yi+2, yi+3, ..., yi+96, are predicted in a similar way.

3.2.2 Dictionary Learning Algorithm (K-SVD)

A dictionary is defined as a collection of atoms (vectors) that can be used for signal representa-

tion. The representation is a linear combination of some atoms from the dictionary to exactly or

approximately express the original signal [119]. Let y ∈ Rn be a target signal, the D ∈ Rn×m be

a overcomplete dictionary that has m columns as the atoms {di}mi=1. The dictionary learning tries

to find the coefficients k,k ∈ Rm that satisfies the exact representation y = Dk, or approximate

representation y ≈ Dk with ||y −Dk||p < ε, for a small value of ε and some Lp norm. For the

K-SVD, the L2 norm is used.

The K-SVD is one of the most popular dictionary learning algorithms for signal sparse rep-

resentation. The algorithm generalizes the K-means clustering process and efficiently solves the

following problem:

min
D,K

{
||Y −DK||2F

}
, subject to ∀j, ||kj||0 ≤ T0 (3.15)
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where Y is the matrix of column signals {yi}mi=1, K is the matrix of coefficients {kj}mj=1, the letter

F symbolizes the Frobenius norm, and || · ||0 is the L0, which counting the nonzero entries of kj

should less or equal to the predefined nonzero natural number T0 [120].

The K-SVD algorithm solves (3.15) mainly by alternating between two steps: one is the sparse

coding based on the fixed dictionary D, and the other is updating the dictionary with fixed coeffi-

cients K.

In the sparse coding step, the K-SVD is trying to find the best coefficients K when fixed library

D. At this step, the penalty term of (3.15) can be decoupled into m individual problems that have

the expression:

min
fixedD,kj

{
||yj −Dkj||22

}
, subject to ||kj||0 ≤ T0, ∀j ∈ [1,m] (3.16)

(3.16) is finely solved by the pursuit algorithms, but when T0 is too small, the optimal kj may

not exist. In this work, the order recursive matching pursuit (ORMP) algorithm is used.

In the dictionary updating step, the coefficient matrix K is fixed after the sparse coding. It is

unlikely to update whole dictionary D at once, so the algorithm updates one column of D each

time while fixing the other columns. For example, take the case when only the tth column dt of

dictionary D is updated, the penalty item of (3.15) can be written as:

||Y −DK||2F =

∣∣∣∣∣∣∣∣Y − m∑
i=1

dik
i
J

∣∣∣∣∣∣∣∣2
F

=

∣∣∣∣∣∣∣∣(Y −
∑
i 6=t

dik
i
J

)
− dtk

t
J

∣∣∣∣∣∣∣∣2
F

= ||Ft − dtk
t
J ||2F

(3.17)

where ktJ is the tth row of coefficient matrix K and the Ft symbolizes the error between the

signals and the fixed part of dictionary without the tth column.

When using the singular value decomposition (SVD) to solve the equation (3.17), a restriction

strategy, removing the zero entries in Ft and ktJ , is applied to avoid the ktJ to be filled. The principle

idea is to define the set of nonzero entry indices of ktJ , such that ωt = {i|1 ≤ i ≤ m,ktJ(i) 6= 0},

which pointing to {yi} that use the atom dt. Define the matrix Ωt such that it has ones on the
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(ωt(i), i)th entries and zeros otherwise and Ωt is m × |ωt| size. Then update the Ft and ktJ in

(3.17):

||FtΩt − dtk
t
JΩt||2F = ||Fr

t − dtk
t
R||2F (3.18)

Then, (3.18) can be solved directly by SVD as Fr
t = U∆VT , with dt equals the first column of

U and ktR equals the first column of V ×∆(1, 1). After updating the dictionary, the atoms in the

dictionary D are normalized due to the SVD, and the support of all representations is improved

when ks 6= 0,∀ks ∈ ktR or stays the same when ks = 0 [120]. The next step turns to the sparse

coding, and then updating the dictionary D iteratively.

The K-SVD algorithm is widely used in the image and audio processing but has not been

used in regression applications. In this work, the K-SVD is used for two purposes: one is in

decomposing the day-ahead load forecasting results from GPR kernel into a new overcomplete

dictionary. The other is generating the coefficients to tune the atoms based on the known daily

load.

3.3 Kernels And Day-ahead Forecasting

In this section, the common GPR kernels are analyzed and compared, and applied to residential

and business area data for short-term load forecasting. The algorithm of data selection for training

the kernel is also proposed.

3.3.1 Kernel Selection and Properties Analysis

The kernel (covariance function) is the crucial ingredient in a Gaussian process predictor, as it en-

codes the assumptions about the function which people wish to learn [97]. There are many kernels

that have been proposed, the squared exponential (SE) kernel
(
k(xk,xj) = σ2

fexp(− 1
2`2

xTr xr)
)
,

the rational quadratic (RQ) kernel
(
k(xk,xj) = σ2

f (1 + 1
2α`2

xTr xr)
−α), the periodic kernel (PERD)(

k(xk,xj) = σ2
fexp(− 2

`2
sin2(π||xr||/p))

)
, the Matérn kernels

(
[MATRN1] : ν = 0.5, k(xk,xj) =
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σ2
fexp(−1

`

√
xTr xr); [MATRN2] : ν = 1.5, k(xk,xj) = σ2

f (1 +

√
3xT

r xr

`
)exp(−1

`

√
3xTr xr)

)
, the

neural network (NN) kernel
(
k(xk,xj) = σ2

fsin
−1(

xT
k

∑
xj√

`2+xT
k

∑
xk

√
`2+xT

j

∑
xj

)
)
, where

∑
is the

weight matrix in the neural network kernel, the compact support, piecewise polynomial (POLY)(
k(xk,xj) = σ2

fmax(0, 1 − d)j+gfg(d)
)
, where d = ||xr||

`
, j = |D

2
| + g + 1, D = 1, g = 3

and when g = 3, fg(d) = (1 − d)j+3 + (j3+9j2+23j+15)d3+(6j2+36j+45)d2+(15j+45)d+15
15

and the Gabor(
k(xk,xj) = exp(−xT

r xr

2`2
cos(2πxr/p)

)
are the commonly-used kernels among them. To approxi-

mate the different features of data, there may exist one or more kernels to fit the unknown function

and make good forecasting of the future data. To select the best kernel as the ingredient to build

a composite kernel, which does time series day-ahead forecasting, the commonly-used kernels are

compared in this work with different length of training data.

In practice, besides selecting the covariance function (kernel), inferring and tuning the param-

eters of the functions from the data play another important role for forecasting in the GPR [42].

The shared hyperparameters among previous kernels are represented by θ = (σf , `), where the σf

controls the standard deviation of the response and the ` controls the length scale of the correla-

tions. To learn and infer the hyperparameters θ from the data, the common approach is utilized

by maximizing the log marginal likelihood function p(yi|θ) to estimate the θ. The log likelihood

function and the partial derivatives of the likelihood with respect to the hyperparameters may be

written as [97]:

log p(yi|θ) = −1

2
log |covyi

| − 1

2
yTi cov−1yi

yi −
1

2
log (2π) (3.19)

∂

∂θt
log p(yi|θ) = −1

2
tr

(
cov−1yi

∂covyi

∂θt

)
+

1

2
yTi cov−1yi

∂covyi

∂θt
cov−1yi

yi (3.20)

where covyi
= cov(yi) and tr(·) is the trace of the matrix. Note, since log p(yi|θ), in general, is a

nonconvex function, the marginal likelihood may have multiple local maxima [97].

The product of Matérn kernels (PMK), which is expressed in (3.21) (MTN2*MTN2), is pro-



3.3. KERNELS AND DAY-AHEAD FORECASTING 41

posed for the residential area since it is slightly better than the MTN2:

xr = xk − xj, ri =
1

`i

√
xTr xr,∀i ∈ {1, 2}

k(xk,xj) = σ2
f1
σ2
f2

(1 +
√

3r1)
2(1 +

√
3r2)

2

exp(
√

3(r1 + r2))
(3.21)

The additive of Matérn kernels (AMK) is employed to learn the business area data (MTN1 +

MTN1), and it is expressed by:

rn =
1

`n

√
xTr xr,∀n ∈ 1, 2

k(xk,xj) = σ2
f1

exp(−r1) + σ2
f2

exp(−r2) (3.22)

3.3.2 Data Features of Residential and Business Areas

Two years (2012 and 2013) of private load data for the residential area is taken from the local

utility at the Albuquerque and two years (2014 and 2015) of public data for the business area is

taken from the ERCOT at the north central of Texas [85]. The features varied due to the different

number and activities of people, and the weather in these areas. Four figures, 2012 and 2013 from

the Albuquerque, and 2014 and 2015 from the Texas, are plotted below for explanation.

From the figures 3.1 to 3.4, the upper subplot is the load curve for the whole year; the middle

subplot is the load curve for a month, whose load curve is considered to be comparatively smoother

than other months in a half-year corresponding to the upper subplot; Note: in order to see the load

curve pattern clearly in a week, the load curve smoother month is chosen. The lower subplot is

the load curve for the first whole week of the corresponding month from the middle subplot. Take

the figure 3.1 for example, the middle subplot plots the load curves in the April corresponding to

the upper subplot, where the whole 2012 year load curves are plotted, because the load curves in

April are considered to be smoother than other months (Jan, Feb, Mar, May and Jun) in the first

half year of 2012. While the lower subplot plots the first whole week of the April from the April

2nd to the April 9th. The figure 3.2 follows the same pattern as 3.1, but the middle subplot plots

the load curves in the October of 2013, because the curves in October is considered to be smoother
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Figure 3.1: 2012 data from residential area at Albuquerque (Yearly load plotted in the upper subplot; April
load plotted in the middle subplot; the load at first week of April plotted in the lower subplot)

Figure 3.2: 2013 data from residential area at Albuquerque with (Yearly load plotted in the upper subplot;
October load plotted in the middle subplot; the load at first week of October plotted in the lower subplot)
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Figure 3.3: 2014 data from business area at Texas (Yearly load plotted in the upper subplot; February load
plotted in the middle subplot; the load at first week of February plotted in the lower subplot)

Figure 3.4: 2015 data from business area at Texas (Yearly load plotted in the upper subplot; December load
plotted in the middle subplot; the load at first week of December plotted in the lower subplot)
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than any months (Jul, Aug, Sep, Nov, Dec) in the second half year of 2013. The same area, the

yearly data has some common features, showing different months in the first and second half year

for the different year would display more information in this area than just plotting the load curve

in the same month at each year. The same ideology is applied to the figures 3.3 and 3.4, where the

load curves in the February is considered to be smoother in the first half year of 2014. The load

curves in December is smoother in the second half year of 2015. Meanwhile, in these figures, the

horizontal green lines are the mean load value during the time period inside of the two vertical red

lines.

The residential area has a larger volume of load demand, which is megawatt level than the kilo-

watt level in the business area. The daily pattern is illustrated in the load curves in the smoother

month for each year plotted in the middle subplot, where mean load values for each week inside of

the month have fewer differences. Comparing the lower subplots in these figures, the business area

has clear different load patterns between the weekday and weekend. In addition, from the upper

subplot, as the green lines displayed, the business area has the bigger mean load value variance

between every month. These differences between the two areas display that the load demand in

the business area fluctuates wider in numbers. However, the load curve in the residential area fluc-

tuates more by the monthly mean load demand ratio (MMLDR), 1
11

∑11
mth=1

∣∣MMLDmth−MMLDmth+1

∣∣
yearlyMeanLoad .

The MMLDR at 2013 is 0.146 and at 2015 is 0.055. These imply the prediction may harder at

the residential area, and the weekend and weekday data may need to be treated separately. The

presumable reasons for these differences: first, people in the residential area may somehow have

similar power consumption pattern during the weekday or weekend, but the load curve differences

is lagrer by mean load ratio. The power consumption pattern is clearly different in business area be-

tween the weekday and weekend may due to the activities and the business property itself. Second,

the residential area has about 2,000 settled people while the business area has floating population,

which introduces the difference in their power consumption grades.

To compare the kernels and infer the hyperparameters for the time series day-ahead load fore-

casting, data for four years is trained and tested. The results are summarized in the following four

tables (tables 3.1 to 3.4) respectively. With x is the time interval ranging form 1 to 96 and y is
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Table 3.1: forecasting MSE for kernels with different length of training data at 2012
intialization ln` = 0.1 : 0.1 : 1 intialization ln` = 0.1 : 0.1 : 3.2

Kernel 1day 2days 3days 4days 5days 1day 2days 3days 4days 5days

SE 0.130 0.134 0.143 0.149 0.154 0.183 0.175 0.176 0.175 0.176
RQ 0.128 0.133 0.142 0.148 0.153 0.153 0.147 0.151 0.153 0.156

PERD 0.295 0.307 0.353 0.357 0.350 0.204 0.205 0.221 0.222 0.220
NN 0.132 0.133 0.143 0.148 0.153 0.179 0.162 0.158 0.158 0.161

POLY 0.128 0.133 0.143 0.148 0.153 0.138 0.137 0.144 0.149 0.156
Gabor 0.129 0.134 0.144 0.150 0.139 0.164 0.155 0.161 0.157 0.150

MATRN1 0.132 0.133 0.142 0.147 0.152 0.132 0.133 0.142 0.147 0.152
MATRN2 0.128 0.132 0.142 0.147 0.152 0.128 0.132 0.142 0.147 0.152

Table 3.2: forecasting MSE for kernels with different length of training data at 2013
intialization ln` = 0.1 : 0.1 : 1 intialization ln` = 0.1 : 0.1 : 3.2

Kernel 1day 2days 3days 4days 5days 1day 2days 3days 4days 5days

SE 0.127 0.143 0.157 0.168 0.179 0.180 0.186 0.193 0.201 0.208
RQ 0.125 0.142 0.157 0.168 0.178 0.152 0.159 0.167 0.174 0.182

PERD 0.262 0.279 0.325 0.348 0.347 0.193 0.203 0.222 0.234 0.239
NN 0.128 0.143 0.157 0.168 0.178 0.177 0.176 0.179 0.183 0.189

POLY 0.125 0.143 0.157 0.168 0.178 0.135 0.146 0.158 0.169 0.179
Gabor 0.126 0.144 0.158 0.169 0.180 0.166 0.158 0.170 0.180 0.185

MATRN1 0.129 0.142 0.156 0.167 0.177 0.129 0.142 0.156 0.167 0.177
MATRN2 0.125 0.142 0.156 0.167 0.177 0.125 0.142 0.156 0.167 0.177

the historical load corresponding to each time interval. The tables are organized so that two values

of the initialization of ln` are provided for a range of the length of the training interval for the

various kernels tested. The first row of these tables denotes two cases of initialization of ln`. From

column 2 to column 6 corresponds to the first case when ln` = {0.1, 0.2, · · · , 1}. From column 7

to column 11 corresponds to the second case when ln` = {0.1, 0.2, · · · , 3.2}. The second row of

these tables denotes the length of the training data, which ranges from previous 1-day’s data up to

previous 5-days’. The first column of these tables is the name of the eight kernels. Inside the tables

are the mean square errors (MSE) of the day-ahead load forecasting. Let ŷkn,1 be load forecasting

at the nth day at time point 1 with ln` = k for some year. Then, ŷkn = (ŷkn,1, ŷ
k
n,2, · · · , ŷkn,96)T

is all the load forecasting at nth day in the same year. Let the ykn = (ykn,1, y
k
n,2, · · · , ykn,96)T be

the real load value at nth day corresponding to the ŷkn, then the MSE for this case at this year is

computed as 1
10K

1
365−N

∑K
k=0.1

∑365−N
n=1

(ŷk
n−yk

n)
T (ŷk

n−yk
n)

96
, where K = 1 or K = 3.2 is the bound-

ary of initialization of ln` and the N ∈ N, N ∈ [1, 5] is the length of the training day. For each
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Table 3.3: forecasting MSE for kernels with different length of training data at 2014
intialization ln` = 0.1 : 0.1 : 1 intialization ln` = 0.1 : 0.1 : 3.2

Kernel 1day 2days 3days 4days 5days 1day 2days 3days 4days 5days

SE 4.233 5.451 6.164 6.664 6.951 4.252 5.467 6.184 6.682 6.965
RQ 4.225 5.418 6.122 6.613 6.899 4.229 5.418 6.121 6.612 6.898

PERD 6.959 7.861 8.729 9.003 9.443 5.092 6.200 6.960 7.387 7.721
NN 4.241 5.445 6.161 6.657 6.947 4.289 5.482 6.202 6.703 6.993

POLY 4.229 5.438 6.148 6.648 6.934 4.229 5.438 6.147 6.647 6.933
Gabor 4.238 5.486 6.207 6.710 6.999 4.455 5.646 6.345 6.845 7.120

MATRN1 4.223 5.394 6.096 6.591 6.877 4.223 5.394 6.096 6.591 6.877
MATRN2 4.223 5.408 6.110 6.605 6.892 4.223 5.408 6.110 6.605 6.892

Table 3.4: forecasting MSE for kernels with different length of training data at 2015
intialization ln` = 0.1 : 0.1 : 1 intialization ln` = 0.1 : 0.1 : 3.2

Kernel 1day 2days 3days 4days 5days 1day 2days 3days 4days 5days

SE 3.841 4.569 4.837 4.924 4.886 3.855 4.577 4.847 4.935 4.897
RQ 3.832 4.533 4.791 4.877 4.797 3.833 4.533 4.791 4.877 4.810

PERD 6.625 7.169 7.457 7.340 7.458 4.715 5.377 5.650 5.673 5.685
NN 3.847 4.560 4.835 4.925 4.888 3.898 4.603 4.886 4.984 4.955

POLY 3.836 4.556 4.820 4.906 4.871 3.836 4.555 4.820 4.906 4.871
Gabor 3.850 4.608 4.881 4.974 4.938 4.037 4.740 5.001 5.096 5.058

MATRN1 3.830 4.514 4.773 4.860 4.824 3.830 4.514 4.773 4.860 4.824
MATRN2 3.830 4.524 4.783 4.870 4.836 3.830 4.524 4.783 4.870 4.836

table and kernel, the MSE increases with the number of training days’ data. With the previous one

day’s data as the training data, the kernels have the ”best” forecasting accuracy. This means, in

general, the feature of load data in the previous day has the strong similarity as the following day’s

load data. In addition, it may be noted that the most of kernels’ forecasting accuracy decreases

with the larger hyperparameter ln`. With the boundary of the initialization of hyperparameter ln`

increased from 1 to 3.2, the kernels have a larger MSE except for the kernels PERD, MATRN1 and

MATRN2, of these, the PERD has the biggest the MSE. The reason why the forecasting accuracy

is decreased for the most of the kernels here with the bigger range of hyperparameter ln` may due

to the local maxima in their marginal likelihood function at large ln`. The Matérn kernals yield

the best forecasting accuracy which is also robust to the initialization ranges of the hyperparameter

ln`. Thus, the Product of Matérn kernels (PMK), which is expressed in (3.21) (MTN2*MTN2), is

proposed for the residential area data. The Additive of Matérn kernels (AMK), which is expressed

in (3.22), is employed to learn the business area data, because these composite Matérn kernels are
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slightly better than the single Matérn kernels.

3.3.3 Training Data Selection

Since the temperatures and the load are varied daily, it may improve the forecasting accuracy if

the relationship between the temperature and load demand can be used [121]. In this section, an

algorithm is proposed to select the training data, with which the CMKs increase the forecasting

accuracy to a great degree.

The general idea of the algorithm is to use the daily maximum and minimum temperatures

as the indices to select the historical training data. A historical date whose daily maximum and

minimum temperatures are close to the predicting day’s maximum and minimum temperatures is

found, then, the corresponding historical load data is taken as the training data for the kernels.

To increase the search record and load patterns, the previous year’s daily maximum and mini-

mum temperatures from [88] are added. The algorithm is summarized in the Algorithm 1.

Algorithm 1 training data selection
1: Input: m ∈ N, the number of days data used for kernel training; N ∈ N, the number of day

in the historical data and N > m

2: Output: h, the vector of load data used for the kernel training

3: Initialization: let (xp, yp) as the maximum and minimum temperature of prediction day; let

xh = (x1, x2, ..., xN)T and yh = (y1, y2, ..., yN)T be the historical daily maximum and mini-

mum temperature vector respectively. Let j = k = 1, u is empty.

4: Compute the temperature difference vector d = (d1, d2, ..., dN)T , where dt =√
(xt − xp)2 + (yt − yp)2, t ∈ [1, N ]. Let dbd = dN , set the temperature difference bound-

ary as prediction day and one day before prediction day.

5: Sort d from small to big and let s equal the sorted d, with s = (s1, s2, ..., sN)T , si < si+1. Let

R = (r1, r2, ..., rN) be the day indexes of s. . e.g.: if s1 = d3, then r1 = 3
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Algorithm 1 Part 2
6: while j <= m do

7: if sk <= dbd then

8: Add rkth day load data to u; j ← j + 1

9: end if

10: k ← k + 1

11: if k > N then

12: len← the vector length of u

13: break

14: end if

15: end while

16: if len == 0 then

17: h← load data from yesterday

18: else

19: h← u

20: end if

To select the right number of day m in the Algorithm 1, the exhausted test has been done by

ranging m = [2, 3, ..., 20]. The results are summarized as figure 3.5.

From figure 3.5 below, the upper plot displays the results of varies m for the residential area at

2012 and 2013, and the lower plot shows the results for the business area at 2014 and 2015. When

11 < m < 20, the MSE is decreased to a stable level, which provides a range of candidate values

for the m.
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Figure 3.5: the training data length m with the MSE

3.3.4 Day-ahead load forecasting result

According to the analysis in section 3.3.2, the weekday and weekend have clearly different patterns

of load demand in the business area which is not so in the residential area. To test if an improvement

can be made in the load forecasting during the weekend, the historical weekends’ data is separated

from weekdays for these four years, which is used for the training. Then, the algorithm 1 and the

same CMKs are utilized to generate the day-ahead load forecasting only for the weekends. The

overall results are summarized in table 3.5.

Table 3.5: MSE comparison for data selection
Training data MSE at 2012 MSE at 2013 MSE at 2014 MSE at 2015

Previous one day 0.128 0.125 4.223 3.830
Data selection without weekend separated 0.089 0.084 2.213 1.955

Data selection with weekend separated 0.084 0.081 1.823 1.559

From Table 3.5, with the training data selection, the CMKs make a big improvement in the

day-ahead load forecasting. When the weekend training data is treated separately, the CMKs make
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another improvement, especially in the business area, which also matches the previous analysis

that there is clearly load demand pattern difference between the weekday and the weekend in the

Texas area.

The CMKs of the GPR provides an acceptable accuracy for day-ahead time series forecasting.

The Yearly Mean Absolute Percentage Error (YMAPE) is defined as:

YMAPE =
Mean Absolutely Forecasting Error (MAFE)

Yearly Mean Load (YML)
(3.23)

The YMAPE for each year is presented in Table 3.6. In the Albuquerque area, the YMAPE

for 2012 and 2013 are less than 0.07 and in the north central of Texas area at 2014 and 2015 are

less or equal to 0.03. However, there are some cases in both areas that the CMKs do not fit well

because the historical data is insufficient to make a reasonable inference. In addition, during the

forecasting day, even though there are differences identified between the predicted load and real

load curves, such as the cases in the figures 3.6 to 3.9 (Note: the residential area data is filtered

by the Savitzky-Golay (SG) filter in the figure), the CMKs with the selected training data can’t

tune the curve and rectify the forecasting. Thus, a promising method to solve this shortcoming

is to learn the forecasting error and then gradually adjust the predicted curve. Meanwhile, the

advantage of the CMKs of GPR, in some sense, is kept. In other words, the method may not only

need to have the good very short-term forecasting ability according to observed forecasting error,

but also preserve the curve shape and short-term forecasting ability from the CMKs of GPR.

Table 3.6: Yearly mean average percent error for the CMKs of GPR

Index 2012 PMK 2013 PMK 2014 AMK 2015 AMK

MSE 0.084 0.081 1.823 1.559
MAFE 0.206 0.207 1.008 0.939

Yearly Mean Load (YML) 3.035 MW 3.006 MW 45.502 Kwh 45.703 Kwh
YMAPE 6.79% 6.89% 2.22% 2.05%
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Figure 3.6: An anomalous case that the CMKs has a low performance in 2012 summer

Figure 3.7: An anomalous case that the CMKs has a low performance in 2013 winter
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Figure 3.8: An anomalous case that CMKs has a low performance in 2014 winter

Figure 3.9: An anomalous case that CMKs has a low performance in 2015 summer.
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3.4 The Curve Tuning Algorithm

3.4.1 Methodology

The main idea of proposed method is taking the new library to approximate the real load demand

curve and forecasting gradually with time by using the K-SVD. This algorithm can be divided

into three steps: first, when the error, generated by the forecasting, surpasses some boundary at

certain time t, taking the K-SVD to ”decompose” the outputs from the CMKs so to build a new

library. Second, try to approximate known real load curve (real load demand curve from time 1 up

to time t) by using the K-SVD based on the same time length of the generated dictionary. With

coefficients, k, generated from the K-SVD, generating the tuning curve with all day length of the

same dictionary; Last, select the best tuned curve for certain T0 in equation 3.15. The detailed

explanation is introduced below.

Assume at tth time point of nth day for a certain year, where t ∈ [5, 96], (Note: the simulation

data sample is 15-min interval, so 15 × 96 = 24 hours and take first 4 time points to compute the

accumulated forecasting error, n ∈ [1, 365], both t, n ∈ N, the CMKs forecasting, ŷn ∈ R96×1, has

the forecasting error that surpasses the boundary errB, then,

Step1: Design New Dictionary

In the dictionary learning algorithms (DLA), the choice of the dictionary plays an important

role in the derivation of the sparse representation. With an appropriate overcomplete dictionary,

the DLA find the sparse representation of the target signal efficiently. Usually, an overcomplete

dictionary, D, is designed by adapting the content to approximate a given set of signal or chosen

as a specific set of functions [120]. The proposed method takes previous one year and current

year historical load demand data until (n − 1)th day as the old dictionary Dold ∈ R96×(365+n−1)

to generate the new overcomplete dictionary Dnew. The K-SVD is applied to solve the following

problem:

min
Dold,k

{
||ŷn −Doldk||2F

}
, subject to ||k||0 = T0 (3.24)
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where T0 is the nonzero element in k. To provide the best estimation of the real load demand yn in

step2 and step3, the T0 is varied in a range, which need to be tested on the data. Here, T0 ∈ [3, 16]

and T0 ≤ t− 3. For a certain T0, the Dnew is built by the Algorithm 2:

Algorithm 2 build new library
1: Input: T0, Dold, ŷn

2: Output: Dnew

3: Initialization: index← 1, Dnew is empty.

4: while index ≤ 365 + n− T0 do

5: Let set {ki}i∈v, v ⊂ [index, 365 + n− 1], ||v||0 = T0, be the solution of equation 3.24

6: Dnew ← (Dnew,Dold(:,v))

7: index← min (v) + index

8: end while

9: Dnew ← unique atoms(Dnew)

The underlying idea to estimate the real load demand curve by designing a new dictionary is:

assume that the ŷn is a good estimation of the real load demand curve yn, which is already shown

in the previous section. If Dnew can be used to generate a sparse representation of ŷn, it would

also do to yn. Another benefit is during the new dictionary designing, the good forecasting ŷn is

”decomposed” as the atoms in the Dnew, which keeps the advantage of the CMKs outputs ŷ. In

addition, comparing using Dold in Step 2, the Dnew provides less likely to generate local minimum

atoms during the forecasting. To make the Dnew is overcompleted, the while loop in the algorithm

2 is designed to exhausted search and add more atoms in the Dnew, which inevitably add some

noisy atoms, especially after the best T0 is found by K-SVD. It is intuitive to delete the noise

atoms here to solve this issue. Rather than that, this work tries to delete them in the Step2 in order

to keep the overcompleteness of Dnew. Note, you may consider filtering the Dold before applying

Algorithm 2, in case its original atoms are noise.

Step2: Generate tuned curves

The main task in this step is to fit the partially known real load demand curve with Dnew and
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take the coefficients from the fitting, together with the whole day length of atoms from Dnew, to

forecast the rest of day for each T0. Before fitting the known real load, the yn may be filtered by

SG filter in case the partial of target signals are noise. Assume Dnew ∈ R96×`, ` ≥ T0, ` ∈ N, Let

ytn ∈ Rt×1,ytn = yn(1 : t) be the partially known load demand at tth time point of nth day, Dt
new

is partial dictionary of Dnew,D
t
new = Dnew(1 : t, :). The fitting basically uses K-SVD to solve

following problem:

min
Dt

new,k

{
||ytn −Dt

newk||2F
}
, subject to ||k||0 = T0 (3.25)

Let set ks = {ki}i∈v, v ⊆ [1, `], ||v||0 = T0, and Ds
new be the first solution. Then let g =

(1, 1, · · · , 1)T ,g ∈ R96, the first forecasting can be written as:

H = Dt
new(:,v)�Ds

new(:,v), rD = H̄

ŷn,t1 = (Dnew(:,v)� (grD))ks (3.26)

The main idea for equations 3.25 and 3.26 is: at tth time point, if the forecasting is not good, it

learns the current real load curve to tune the forecasting. The learning process is actually using the

K-SVD to fit the ytn, finding the coefficients k to combine the atoms from Dt
new. The tuning action

basically means using nonzero coefficients of k, ks, and transformed Dnew to predict the load.

This is based on the assumption that if the ks and Ds
new fit ytn well, the ks and Dnew(:,v) may also

fit the yn well. You will see in the results part that this assumption actually produces high accuracy

at very short term forecasting. Note, the Hadamard division, �, in (3.26) is necessary because

the K-SVD changes Dt
new internally and normalizes it as well. Usually, the first forecasting ŷn,1

is barely enough to generate the best whole day load forecasting. The while loop, similar to it in

the Algorithm 2, is utilized with index ≤ ` − T0 + 1. Let Ŷn,t = (ŷn,t1 , ŷn,t2 , ..., ŷn,tm) be the

forecasting set of the while loop, where m ≤ 30 is set in both areas. To select the best prediction

ŷn,t at tth time point of nth day from Ŷn,t for T0, the Curve Selection Model (Algorithm 4) is

designed, which is introduced in the section 3.4.2. This step is summarized in the Algorithm 3
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Algorithm 3 generate tuned curves

1: Input: T0, Dnew, t, ytn, Ŷs
n,t

2: Output: ŷn,t

3: Initialization: index← 1,m← 1

4: while index ≤ `− T0 + 1 do

5: Let ks ← {ki}i∈v, v ⊆ [index, `], ||v||0 = T0,D
s
new, be the solution of (3.25)

6: H = Dt
new(:,v)�Ds

new(:,v), rD = H

7: ŷn,tm ← (Dnew(:,v)� (grD))ks

8: Ŷn,t(:,m)← ŷn,tm and Ks
n,t(:,m)← ks

9: m← m+ 1, index← min (v) + index

10: if m > 30 then

11: break

12: end if

13: end while

14: ŷn,t ← Algorithm 4
(
Ŷn,t, Ks

n,t, Ŷs
n,t, varargin

)

Step3: Select tuned curve

From Step 1 to Step 2, a real load forecasting at the tth time point is generated, ŷn,t, for a

certain length of T0. Since the best T0 is varied with the length of t, instead of selecting one T0

to do the load curve tuning and forecasting, a range, T0 ∈ [3, 16] and T0 ≤ t − 3, are introduced.

Therefore, there will be a T0 − 2 or 14 tuned curves. Let Ŷs
n,t = (ŷ1

n,t, ŷ
2
n,t, ..., ŷ

T0−2
n,t ), then the

main task in this step is to select a ŷin,t, i ∈ [1, T0 − 2] that is considered to be the best.

Since during the Curve Selection Model in the Step 2, the predicted tuned curves are all taken

as the first round selection, the Ŷs
n,t is considered to be a good candidate set here. The ideas to

choose ŷin,t is: let m = Ŷs
n,t, ms = m \ {max(m),min(m)}, and mall = ms. The ŷin,t is

selected when its mean value ŷin,t = mt, where |mt − mall| = min(|ms − mall|). To make the

prediction is improved overtime t, a similar way is applied to select the final tuned curve. Let

Cp =
(
ŷin,t−4, ..., ŷ

i
n,t−1

)
,C = (Cp, ŷ

i
n,t), and the final predicted curve at t is ŷfinaln,t that equals
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the row mean of Cs, where Cs = C \ {max(C),min(C)}.

3.4.2 Curve Selection Model

The main task for this model is for each T0, to select a ŷn,ti , i ∈ [1,m], as ŷn,t, from Ŷn,t =

(ŷn,t1 , ŷn,t2 , ..., ŷn,tm) in the Step 2. This model can be generally divided into two parts:

(a). Design error feedback linear regression models

Before introducing the regression models, two important parameters, the variance of ks (

Var(ks)) in Step 2 and the mean ŷn,ti , are designed to further select the predicted curves/atoms.

After solving (3.25), each ŷn,ti has an unique ks, and each ks takes the atoms from the Ds
new to

fit the target signal ytn. In the Algorithm 3, the ORMP algorithm takes the most similar atom

to the target signal first, and atoms to their residual thereafter to the K-SVD. Then, the K-SVD

continuously tunes the ks and the corresponding atoms in the Dnew. Thus, when the atoms that

are similar to the target signal are chosen, the K-SVD in the Algorithm 3 tends to tune the left

atoms and ks heavily to fit the signal, which usually leads to deviated forecasting for the whole

day. Therefore, the small Var(ks) is considered an important factor to show how K-SVD works

during the fitting and how ŷn,ti might be. However, there are some cases where the forecasting

favors the K-SVD to tune the ks and Ds
new heavily to some degree, especially when the daily load

curve changes unexpectedly. Thus, the ŷn,tj , as the second index, is designed. The forecasting is

usually good when the predicted curve has the normal pattern and with the ŷn,tj close to the yn.

However, since the whole day yn is not known yet (only known ytn), it needs to forecast the yn.

Two linear regression models (LRM) are designed with the known curve forecasting error as

feedback to predict the yn. The general idea is: assume m ≥ 8, t ≥ 8, i ∈ [1, 11], compute the

historical forecasting error, and the mean value of historical load forecasting with error feedback

can be written as:

et−i = ŷin,t−i(t− i+ 1 : t)− y(t− i+ 1 : t) (3.27)

mYn,t−i = ŷin,t−i − et−i (3.28)
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The linear regression models can be written as:

mn,t = (mYn,t−1,mYn,t−2, ...,mYn,t−11)
T

ŷl1n,t = mT
n,tβ1 + ε1; ŷ

l2
n,t = mn,t(1 : k)Tβ2 + ε2 (3.29)

Where mn,t is the predictors of the LRM. The ŷl1n,t and ŷl2n,t, the forecasting of the yn, are the

responses of LRM, one with 11 historical time points (HTP) and the other with k, k < 11, HTP.

The β1,β2 are the coefficients and ε1, ε2 are the fitting residuals of these LRMs. k may need to be

tested. Here, k = 4 for both areas.

The underlying idea is the model (3.29) focus on the daily mean load forecasting. It designs

a interval, range(ŷl1n,t, ŷ
l2
n,t), that the good ŷn,tj would fall in, otherwise choose the ŷn,tj with the

minimum Var(kjs). Note, the error feedback in equations (3.27,3.28) forces the ŷn,ti to converge

to the yn fast.

(b). Filter the noisy predicted curve/atom

To filter the noise atoms, historical records are used. Let ldp, lds ∈ R(365+n−1)×1 be the daily

peak load and daily minimum load records from previous 365 + n− 1 days. The daily maximum

peak load difference is defined: maxLdp = max(dLdpd), dLdpd = abs(ldp(1 : end− 1)− ldp(2 :

end)). The daily maximum minimum load differencemaxLds is defined in a similar way. To check

the strange daily load pattern of ŷn,tj , six hours’ mean load boundary set is defined: {mBdi =

m
Ŷ

s,T0−3
n,t (1+24(i−1):24i,:)}, i ∈ [1, 4], where m

Ŷ
s,T0−3
n,t

is the mean value of previous predicted curve

set for library: 3 to T0−1. The {maxLdp,maxLds} defines the boundary of load curves changing

from yesterday, and the {mBdi} defines the load curves change among different length of libraries.

This model is summarized in the Algorithm 4. In the Algorithm 4, t is separated by 8 because

of building the LRM. The m is separated by 8 because of the tests. When m ≤ 8, there are few

atoms in the Dnew to fit the ytn. Due to the ORMP property, the atoms that are most similar to the

ytn would be chosen first. Thus, ŷn,t = Ŷf
n,t(:, 1). During the tests, the mDbd is recommended

to set smaller in the morning hours than in the afternoon hours, to avoid irregular forecasting

due to the CTA does not have enough information. For business area, mDbd ∈ {0.8, 2}, and

mDbd ∈ {0.09, 0.5} for the residential area.
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Algorithm 4 curve Selection Model

1: Input: n, t, T0, Ŷn,t, ldp, lds,Call,K
s
n,t, Ŷ

s
n,t

2: Output: ŷn,t

3: m← column length Ŷn,t

4: if t ≥ 8 then

5: if m > 8 then

6: Compute ŷl1n,t, ŷ
l2
n,t using (3.27∼3.29)

7: len = round(m
2

)

8: Ŷn,t = Ŷn,t(:, 1 : len)

9: Ks
n,t = Ks

n,t(:, 1 : len)

10: Sy ← sort((Ŷn,t,Var(Kn,t)), 2) . sort Ŷn,t by Var(Kn,t)

11: listLT ← find Sy(:, 1) in the range(ŷl1n,t, ŷ
l2
n,t)

12: if notEmpty(listLT ) then

13: Ŷc
n,t ← Ŷn,t(:, listLT )

14: indexMinS ← min(abs(Ŷc
n,t −mean(ŷl1n,t, ŷ

l2
n,t)))

15: ŷsn,t ← Ŷc
n,t(:, indexMinS)

16: else

17: indexMinV ← min(abs(Sy(:, 1)−mean(ŷl1n,t, ŷ
l2
n,t)))

18: ŷsn,t ← Ŷn,t(:, indexMinV )

19: end if

20: else

21: ŷsn,t ← Ŷn,t(:, 1)

22: end if

23: else

24: if m ≥ 8 then

25: indexMinV ← min(Var(Ks
n,t(:, round(m

2
)))), ŷsn,t ← Ŷn,t(:, indexMinV )



3.4. THE CURVE TUNING ALGORITHM 60

Algorithm 4 Part 2
26: else

27: ŷsn,t ← Ŷn,t(:, 1)

28: end if

29: end if

30: Compute maxLdp,maxLds,mBdi,∀i ∈ [1, 4] as in section 3.4.2 (b)

31: if abs(max(ŷsn,t)− ldp(end)) < maxLdp and abs(min(ŷsn,t)− lds(end) < maxLds then

32: if T0 > 4 then

33: crvMcuri = ŷsn,t(1 + 24(i− 1) : 24i), i ∈ [1, 4]

34: if abs(crvMcuri −mBdi) < mDbd,∀i ∈ [1, 4] then

35: ŷn,t ← ŷsn,t

36: else

37: ŷn,t ← empty()

38: end if

39: else

40: ŷn,t ← ŷsn,t

41: end if

42: else

43: ŷn,t ← empty()

44: end if

3.4.3 Curve Tuning Algorithm

The main framework of the CTA is designed in the Algorithm 5. Inside of the algorithm, the

errB is the MSE error boundary to start the CTA, which measures the fitting effects between

the predicted curve and the real daily load curve. The tT ime is the time point to start the CTA.

tT ime ≥ 10 is recommended so the algorithm has more real load curve data to ”learn”. ytuned

is the output of the final tuned curve and the tmtuned is to record the number of times the CTA

is launched. Both ytuned and tmtuned are used to measure the results in section 3.5. When the
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tendency may not be seized correctly by the CTA, the tuned curve may need more freedom to

change. Thus, in step 39, the tendency step is overwritten by the output from the best dictionary.

Algorithm 5 curve Tuning Algorithm

1: Input: n, t, errB, tT ime, Dold, ŷn,y
t
n(filtered),Call

2: Output: ŷfinaln,t ,Call, For simulation test: ytuned, tmtuned

3: Initialization: condTune = 0, tmtuned ← zeros(96, 1),tuned = 0

4: if not(tuned) then

5: errfit ← ŷn(1 : t)− ytn

6: errF itNow ← errTfiterrfit

t
. Get MSE of fitting until current t

7: if t ≥ tT ime or t ≥ 10 then

8: errF it10← errfit(t−9:t)T errfit(t−9:t)
t

9: condTune← (errF itNow > errB || errF it10 > errB)

10: end if

11: if t ≥ tT ime then . When start to tune the curve, here tT ime = 10

12: tCurve(1 : t, 1)← ŷn(1 : t)

13: end if

14: ŷfinaln,t ← ŷn

15: Call(:, t)← ŷfinaln,t

16: end if

17: if condTune then

18: tuned← 1

19: dicNum← (16(t > 18) + (t− 2)(t ≤ 18))

20: for T0 ← 3, dicNum do

21: Dnew ← Algorithm 2(T0,Dold, ŷn)

22: ŷn,t ← Algorithm 3(T0,Dnew, t,y
t
n, Ŷ

s
n,t)

23: Ŷs
n,t(:, T0 − 2) = ŷn,t

24: end for

25: if exist(’Ŷs
n,t’) then



3.5. RESULTS 62

Algorithm 5 Part 2

26: m← Ŷs
n,t(:, find(Ŷs

n,t(1, :) > 0)) . get the mean of nonzero vector of Ŷs
n,t

27: ms = m \ {max(m),min(m)}

28: mall ←ms

29: indexMin← min(|ms −mall|)

30: ŷin,t ← Ŷs
n,t(:,find(Ŷs

n,t == ms(indexMin)))

31: else

32: ŷin,t = ŷn

33: end if

34: Cp =
(
ŷin,t−4, ..., ŷ

i
n,t−1

)
35: C = (Cp, ŷ

i
n,t)

36: ŷfinaln,t ← the row mean of Cs, where Cs = C \ {max(C),min(C)}

37: Call(:, t)← ŷin,t

38: if tmtuned(t− 1, 1) == 1 then

39: ŷfinaln,t ← ŷin,t . this works when tendency isn’t correctly assumed

40: end if

41: tCurve(t, 1)← ŷfinaln,t (t)

42: tmtuned(t, 1)← 1

43: ytuned ← tCurve

44: end if

3.5 Results

In this section, three aspects’ results are summarized. They are the very short term forecasting

results (from 15-min to 4 hours), gradually tuning results, and the whole day tuning results.
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3.5.1 Very Short Term Forecasting

In figures 3.10 and 3.13, daily very short term load forecasting is summarized according to different

starting time points for each year. To show the results clearly, five starting time points, 2:00AM

in dash black line, 7:30AM in red solid line, 12:30PM in cyan dash line, 3:00PM in blue solid

line, and 5:30PM in green solid line, are plotted. Since the historical load data sample interval is

15-min for each point, so in these figures, the x axis starts at 15-min and up to 4 hours (240-min)

with 15-min intervals.

The daily average MSE for each year (DAMSEY) is computed as by: assume the forecasting

starts at time point ts, ts ∈ {8, 30, 50, 60, 70}, i.e.: (2:00AM, 7:30AM, 12:30PM, 3:00PM, and

5:30PM) of nth day, n ∈ [1, 365], of a certain year. Let the predicted curve at this time point is

ŷfinaln,ts , the forecasting step size is ss, ss ∈ [1, 16], i.e.: ss ∈ [15min, 240min], then,

Figure 3.10: The daily average MSE for the Albuquerque area in 2012
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Figure 3.11: The daily average MSE for the Albuquerque area in 2013

Figure 3.12: The daily average MSE for the north central Texas area in 2014
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Figure 3.13: The daily average MSE for the north central Texas area in 2015

en,ts = ŷfinaln,ts − yn (3.30)

msessn,ts =
en,ts(ts + 1 : ts + ss)Ten,ts(ts + 1 : ts + ss)

ss
(3.31)

mmsessn,ts =
1

365

1

96− ss− ts + 1

365∑
n=1

96−ss∑
t=ts

msessn,t (3.32)

Where en,ts is the fitting error at ts and the msessn,ts is the MSE for the forecasting step size ss

at time point ts, and the mmsessn,ts is the daily average MSE with the step size ss at the starting

time point ts in a year, which corresponds to one point of the line, which starts at time ts in these

figures.

It is clear to see in these figures, the proposed method has very high accuracy at very short

term forecasting for both areas. With the Albuquerque data, no matter when it starts during the

day, the DAMSEY is less than 0.005 (i.e.: YMAPE< 2%) for forecasting within one hour. For

forecasting within 4 hours, the DAMSEY is less than 0.04. With the north central Texas data,
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the DAMSEY is less than 0.04 (i.e.: YMAPE< 0.3%) for forecasting within one hour and the

DAMSEY is less than 0.34 for forecasting within 4 hours no matter when it starts. From the figures

3.10 to 3.13, the DAMSEY with the Texas area data is gradually decreasing in the morning, and

it converges in the afternoon, while with the Albuquerque area data, the DAMSEY starts dropping

quickly in the afternoon. Consequentially, with more daily load curve information available, the

proposed method learns the known load curve and gradually improves the forecasting. Its property

of gradually tuning is further investigated in the following section 3.5.2.

3.5.2 Gradually Tuning Property

The gradually tuning property of the proposed method is analyzed similarly to Section 3.5.1 but

with the x axis as the time points for the forecasting rather than forecasting step size. In figures

3.14 and 3.17, daily gradually tuning MSE in a year (DGTMSE) is plotted for both areas. The blue

dash lines are for the forecasting MSE of proposed method, the red line is for the GPR forecasting,

and the green solid line is the result for partially combing the forecasting from proposed method

with GPR’s forecasting. To look at the gradually tuning property of proposed method, the MSE at

the rest of day from the starting point (ts) is computed. In other words, the forecasting step size is

ss = 96− ts for every test time point. The MSE of the GPR forecasting and the partially combined

forecasting are measured in the same way.

The DGTMSE for these figures are computed as following: assume the forecasting starts at

time point ts, ts ∈ {8, 12, 16, ..., 92}, i.e.: (2AM, 3AM, 4AM, ...,11PM) of nth day, n ∈ [1, 365],

of a certain year. Let the predicted curve for proposed method at this time point is ŷfinaln,ts , the GPR

forecasting is ŷgprn,ts , and the forecasting step size is ss = 96 − ts, then the fitting error for the
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proposed method is the same as equation 3.30,

egprn,ts = ŷgprn,ts − yn, ecombn,ts = en,ts(ts + 1 : ts + 16) + egprn,ts(ts + 17 : 96) (3.33)

msen,ts =
en,ts(ts + 1 : 96)Ten,ts(ts + 1 : 96)

96− ts
(3.34)

gmsen,ts =
1

365

365∑
n=1

msen,ts (3.35)

where egprn,ts is the fitting error of the GPR forecasting, the ecombn,ts is the fitting error of the partial

combined forecasting. Note, in the DGTMSE computation for the partially combined case, the

combined error is calculated only when ts ∈ {8, 12, ..., 56} for the Albuquerque data and ts ∈

{8, 12, ..., 40} for the Texas data and for the left time points, the error is generated by the proposed

method. The msen,ts is the MSE of forecasting generated by proposed method at ts time point.

The MSE of GPR and the partially combined case can be computed in the same way. The gmsen,ts

is the one point of the blue dash line for the proposed method, which has the DGTMSE at ts

time point for a whole year. The same way can be used to generate the DGTMSE for the GPR

forecasting and the partially combined case.

It is not hard to see from the figures 3.14 to 3.17, the proposed method, as the dash blue line

displayed, has the tendency to gradually reduce the DGTMSE during the day time. It crosses below

the GPR (the red dash line) at 11 AM for the Albuquerque data and about 8 AM for the Texas data

and its DGTMSE, thereafter, is rapidly decreased to the number that is close to the zero with the

time going. However, its forecasting is not that good at the beginning of the day. This is mainly

because the proposed method needs more data to learn at the beginning of the day. In other words,

the proposed method needs more known load data during the day to find the yn to choose correct

curve from the prediction curve set Ŷn,t.



3.5. RESULTS 68

Figure 3.14: The daily gradually tuning MSE for the Albuquerque area in 2012

Figure 3.15: The daily gradually tuning MSE for the Albuquerque area in 2013
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Figure 3.16: The daily gradually tuning MSE for the Texas area in 2014

Figure 3.17: The daily gradually tuning MSE for the Texas area in 2015

Nevertheless, since the proposed method has a very high accuracy in the very short term fore-
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casting (from 15-min to 4 hours), it is intuitive to partially combine the proposed method’s fore-

casting with that from the GPR during the early time of the day. The combination is simple as

equation (3.33) shows. It combines the most recent 4 hours’ forecasting from the proposed method

and rest of day’s forecasting from the GPR. As the green lines show in figures 3.14 to 3.17, the

partially combined way actually solves the issue of the proposed method and provides a decent

forecasting for a whole day at the beginning of the day. Note, the time to end of this combination

should be tested based on the data.

3.5.3 Whole Day Tuning result

In this part, the results of forecasting generated by the tuning algorithm are summarized. The

generated curves are produced by the Algorithm 5 as the vector ytuned and the average tune time

is 4 (tmtuned = 4). Corresponding to the figures 3.6 to 3.9, the real load curves, which the

GPR can’t fit well, are predicted again by the proposed method. The curves, generated by the

proposed method plotted in red lines on figures 3.18 to 3.21, clearly forecasts better than the

CMKs forecasting, with only a few times of tuning. The yearly GPR CMKs’ forecasting and the

tuning algorithm forecasting with SG filtered are then compared with MSE, RMSE, MAFE (Mean

Absolutely Forecasting Error), and R2, which are summarized in table 3.7. From all the year and

all the indexes, the curve tuning algorithm surpasses the GPR in a great degree.

Table 3.7: Yearly Forecasting Accuracy Comparison
CMKs Proposed tuning Method

Index 2012 2013 2014 2015 2012 2013 2014 2015

MSE 0.084 0.081 1.823 1.559 0.016 0.017 0.296 0.276
RMSE 0.290 0.285 1.350 1.249 0.127 0.130 0.544 0.525
MAFE 0.206 0.207 1.008 0.939 0.105 0.105 0.395 0.379
R2 0.912 0.910 0.957 0.965 0.983 0.981 0.993 0.994

YMAPE 6.79% 6.89% 2.22% 2.05% 3.46% 3.49% 0.87% 0.83%
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Figure 3.18: An example to show the performance of tuning algorithm in the summer 2012

Figure 3.19: An example to show the performance of tuning algorithm in the winter 2013
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Figure 3.20: An example to show the performance of tuning algorithm in the winter 2014

Figure 3.21: An example to show the performance of tuning algorithm in the summer 2015

Noticing the Algorithm 5 is driven by the forecasting error, it can also be easily changed to a
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user defined time driven, in which the tuning algorithm can be employed to improve the forecasting

accuracy with the time.

The prediction of the mean daily load, i.e.: infer the yn, may introduce the disturbance to the

daily load forecasting in the early time, such as the blue dash lines in the figures 3.14 to 3.17 in

the morning time, it also provides a parameter to accurately select the forecasting curve for the

proposed method. If prior knowledge of the changing of yn could be seized in advance due to

its correlated factors, such as temperature, human activities, and others, it may contribute to the

proposed method to quickly converge the forecasting.

3.6 Conclusion

In this chapter, a novel algorithm regarding the short term and very short term distribution level

load forecasting is proposed. It combines the composite kernel of GPR and the dictionary learning

algorithm to do day-ahead load casting and daily load curve tuning.

To do the day-ahead load forecasting, two years of private load data from a the residential

area and two years of public data from a business area are thoroughly analyzed. To select the

best kernel in the framework of GPR, the commonly used the kernels are compared in detail. The

Matérn kernels display the best forecasting ability and its forecasting accuracy is not sensitive

to the initialization of its hyperparameter `. Thus, it is chosen to build the composite kernel.

To further improved the day-ahead load forecasting, an algorithm based on the maximum and

minimum temperature is designed to select the training data for the composite kernels, which

improves the composite kernels’ forecasting accuracy.

Since in some cases, the composite kernel in the GPR framework is insufficient to deal with

the very short-term forecasting with selected training data even there exists forecasting error, the

curve tuning algorithm based on the K-SVD is designed. This algorithm, first, takes the K-SVD

to decompose the forecasting from the composite kernels into a new dictionary, which inherits the

advantage from the composite kernels in some sense. Then, it learns the known real load curve
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by fitting it with the new dictionary using the K-SVD. With the result from the K-SVD, the whole

day length of atoms are employed to forecast the daily real load curve. To select a good forecast-

ing from the solution set, two indexes, the variance of the coefficients and the mean daily load

forecasting, are employed. To forecast the mean daily load, an error feedback regression models

are designed to stabilize the forecasting. Based on the proposed the algorithm, three aspects’ re-

sults are summarized, which includes the high accuracy of the very short term load forecasting,

the gradually tuning property, and the results of whole day tuning. These results demonstrate the

effectiveness of the proposed method and display a great improvement on the CMKs on the daily

load forecasting.
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Chapter 4

Optimal Planning and Dynamic Operation

of Distributed Generation Method Based on

Modified Multi-objective Optimization in

Power Distribution System

4.1 Introduction

In recent years, the increased use of distributed energy, such as photovoltaic (PV), wind turbines

and fuel cells, has gained wide acceptance because such sources of are renewable and environmen-

tally friendly. However, due to misplacement, inappropriate sizing, and operation of DGs, they

also pose a challenge to the distribution network operator because a high penetration of DG in

certain places can result in voltage deviation and power losses [7, 122]. To tackle these problems,

many methods have been advanced. In general, methods can be divided into three types [8]. The

first type is the analytical method, such as [123] that proposes to use the power loss sensitivity

factor to find the place and size of the DG. In [124], the Kalman filter algorithm is taken to find

the DG size after researchers obtain the optimal location for the DG by analyzing power losses



4.2. INTRODUCTION TO MULTI-OBJECTIVE OPTIMIZATION AND GA 76

in a steady state. The second type is the numerical method, which contains the gradient search

and linear and nonlinear programming, etc. For example, [125] uses the mix integer nonlinear

programming based integrated model to minimize the DG’s investment and operation cost during

the DG planning. The third type is the heuristic method, which includes genetic algorithm (GA),

particle swarm optimization, Tabu search, and ant colony optimization, etc. Among these types,

the third is robust and works well for large and complex DG planning problems [126]. Nondom-

inated sorting genetic algorithm II (NSGA II), one of type three, is a powerful algorithm to solve

multi-objective problems [127]. Rather than tackling the static case, this paper proposes the model

based on modified NSGA II to plan and dynamically operate the DG with uncertainty loads and

DG outputs, all the while minimizing the circuits’ voltage deviation and power losses.

In this chapter, the multi-objective optimization and GA is first briefly introduced. The un-

certainty of load generation and PV output are then modeled. The voltage sensitivity analysis

is utilized to select the location for installation of the DG and the modified NSGA II is built

by adding the fuzzy logic decision part to select the best solution. Second, to dynamically op-

erate DG, the strategies to increase the method’s computation speed are discussed. Finally, the

method at IEEE 14 bus is tested, and it is compared with several optimal power flow methods:

primal/dual interior point method (PDIPM) [128] and trust region based augmented Lagrangian

method (TRALM) [128]. The results demonstrate the effectiveness of this method.

4.2 Introduction to Multi-objective Optimization and GA

As a decision-making problem, it is common to have more than one objectives, which usually con-

flict with each other. A multi-objective optimization (MOO) problem is an optimization problem

that involves multiple objective functions [129]. Without losing the generality, the optimization

problem can be considered as the minimization problem, since a maximization problem can be

transformed to the minimization problem by multiplying a negative one. For a k objectives MOO

problem, let x ∈ Rn, it can be defined as [130]:
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min
x

Z(x) = (Z1(x), Z2(x), ..., Zk(x))

subject to : gi(x) ≤ 0, i ∈ [0, p]

hj(x) = 0, j ∈ [1, q] (4.1)

where k ≥ 2, p, q are the number of the inequality constrain and equality constrain. The X is

defined as a feasible decision space if ∀x ∈ X that satisfies the constrains in (4.1).

Figure 4.1: The illustration of Pareto front

In real applications, the MOO problem is nearly impossible to find a global solution for every

objective function, and the solution that only optimizes one objective is not acceptable because it

usually conflicts with other objectives [131]. Thus, it requires designing some criteria to measure

the solutions. The commonly used concept is the Pareto optimality, which is defined: let X be the

feasible decision space. For a point x∗ ∈ X is Pareto optimal if and only if there does not exist

another point x ∈ X, such that Z(x) ≤ Z(x∗), and z(x) < z(x∗) for at least one function [130].

The objective functions’ values in the objective space, corresponding to the Pareto optimal set,

are identified as the Pareto front. For example in figure 4.1, the dots symbolize of the feasible

solutions of (4.1), and the dark blue and green dots are the Pareto front, which is connected by the
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red dash line. Similarly, the vector of the objective function Z(x∗) is nondominated if and only if

there does not exist another vector Z(x), such that Z(x) ≤ Z(x∗) with at least one z(x) < z(x∗).

Otherwise, Z(x∗) is dominated [130]. This concept of objective space nondomination is used in

the evolutionary algorithm to search the solution for the MOO problem.

The genetic algorithms (GAs) are built based on the natural selection of evolutionary theory.

The GAs simulate the evolution process in nature to select the solution for a single or multi-

objective problems and are global optimization methods, which can converge to the global solution

if provided enough computation resources [130].

Let x ∈ X is a solution for the GAs. In the GAs terminology, then x is defined as a chro-

mosome. The components in the x are defined as genes. The genes express the features of the

chromosome, which encode solution space. To evolve the solution for the MOO problem, the GAs

work on a collection of chromosomes, which is defined as population. To operate the popula-

tion, two operators, crossover and mutation, are designed. Using the crossover operator, the GAs

usually take two chromosomes, called parents, to formulate another new chromosome, called off-

spring. The fitness from the objective functions measures the quality of the offspring. With some

mechanism, such as the elitism, the high-quality offspring would be selected in the next generation

and so on, which contributes to the converge of the overall solution of MOO problem. With the

mutation operator, the GAs usually work on the operation of the genes level. The mutation rate de-

fines the degree of gene changing in the chromosome, with which the GAs avoid the local optima

and introduce the diversity of the chromosomes [131]. For detailed introduction and explanation

of MOO and GA, refer to [131] and [130].

Nondominated Sorting Genetic Algorithm II (NSGA II) is considered as one of the fast GAs.

It has the advantage of low computation complexity, elitism, fast computation, and nondominated

sorting [127]. In this work, the NSGA II is used to solve the MOO problem to reduce the active

and reactive power loss and voltage deviations during the power distribution.
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4.3 Problem Formation

4.3.1 Voltage sensitivity analysis for buses to install DG

Voltage stability is an important index in a power system. The installation of DG units in a dis-

tribution system could affect the voltage stability, which usually depends on DG’s outputs and

location [132]. To select the best place to install a DG, which would increase the voltage stability

and reduce the voltage deviation, the voltage sensitivity analysis is taken in this work. In [133],

the nonlinear differential algebraic equation is used to model the power systems, which can be

linearized below:

∆P

∆Q

 =

JPθ JPV

JQθ JQV

∆θ

∆V

 (4.2)

Where the P represents the active power, Q represents the reactive power, θ represents the bus

voltage angle, and V represents the bus voltage.

When assuming that the reactive load power is a constant and the term ∆Q equals zero, the

following equation can be deduced from (4.2):

∆P = (JPV − JPθJ
−1
Qθ JQV )∆V (4.3)

∆V = (JRE)−1∆P (4.4)

where JRE represents a reduced Jacobian matrix, which describes the relationship between the

injected active power from the DG and the load bus voltage. This work models the load buses

as PQ type and the DG with unity power factor, so from [133], (4.4) can be used to compute

the voltage sensitivity profile when installing the DG. Otherwise, the V Q sensitivity needs to be

considered.
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4.3.2 Objective functions

The high penetration of DG has the potential to lead to the instability of voltage and increase the

power losses [7]. When candidate buses to install the DG are defined, the operation of the DG is

calculated based on the objective functions that target reducing the active and reactive power losses

and the load voltage deviations for all buses.

The system’s active and reactive power losses, P and Q respectively, are written as:

P ij
Loss = Pi − Pj =

(P 2
i +Q2

i )ri
V 2
i

(4.5)

Qij
Loss = Qi −Qj =

(P 2
i +Q2

i )xi
V 2
i

(4.6)

The definitions of the first two objective functions are:

Min
( M∑
t=1

N∑
j,j 6=i

N∑
i

P ij
Loss,t

)
(4.7)

Min
( M∑
t=1

N∑
j,j 6=i

N∑
i

Qij
Loss,t

)
(4.8)

Where i and j are the number of connected buses, N is the sum of buses in the circuit, M is the

sum of time sample point, and define the resistance and reactance between the connected buses i

and j as ri and xi respectively.

The third objective function is to minimize the load voltage deviation in the system:

Min
( M∑
t=1

N∑
i

(Vi,t − Vref )
)

(4.9)

In this work, the Vref equals 1.

The constraints are the boundary of the reference buses’ voltage magnitude and angles, the

boundary of the generators’ real and reactive power injections, the boundary of tap ratio [134], and

the boundary of DG output.
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4.4 Modeling And Simulation

In this work, the study case is the IEEE 14 bus. To make the simulation dynamically, the load data

and DG (Photovaltaic panels) outputs are generated in 15-minute intervals for every bus within

the boundary for a day (i.e. 96 groups in a day). Based on the load and DG output, the voltage

sensitivity is analyzed to select the places for installing the Photovaltaic (PV) panels. Finally, the

modified NSGA II model is used to dynamically calculate the optimal operation of the DG.

4.4.1 System under study

For the study case, the IEEE 14 bus case has two generators, located at bus 1 and bus 2. Three syn-

chronous compensators are placed at bus 3, 6 and 8. The IEEE case also includes two transformers

and eleven PQ buses, which have total loads as 259 MW and 73.5 MVAR. The system’s data is

given on 100MVA base. The maximum and minimum limits of voltage magnitude is 0.94p.u. and

1.06p.u.. The system is depicted in figure 4.2 [135].

4.4.2 Uncertainty modeling and data generation

To model the uncertainty of loads, a one-day shape of the loads from the local electrical utility

company is employed (see figures 4.3 and Algorithm 1. for details). According to its shape, the

sum of loads for every 15 minutes is allocated, which is bounded by the default case of IEEE 14

buses, i.e. the maximum sum of loads is considered as the default sum of loads in the IEEE 14

bus. The loads are then randomly generated for each bus according to the loads that is allocated,

as seen in figure 4.3. In this way, the generated loads may contain reasonable random uncertainty

for every bus, while keeping the same load shape as the real case from the local utility.

In figure 4.3, the blue dash line is the total loads for a day. The green solid line is the bus 8

loads in a day, and the red dash lines with stars in their terminals are the load ranges for all the

11 PQ buses of IEEE 14 buses. In order to explain the process, the steps are are summarized in
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Figure 4.2: The IEEE 14 bus system.

Figure 4.3: Randomly generated loads and total loads.
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Algorithm 1.

Algorithm 1 generate the daily random load for buses
1: Input: pact = 259, preact = 73.5, lorig = one summer daily historical load from the local

utility with 15-min intervals

2: Output: rbus, qbus . Generated daily active and reactive load data for each bus

3: rl =
lorig

max(lorig)
. Get the daily load curve ratio for each time interval

4: pdly = pactrl, qdly = qreactrl . Get the 15-min interval active and reactive load for all buses

5: for tmInter ← 1, 96 do

6: gp = rand(11, 1), gq = −5 + 10rand(11, 1)

7: rp = gp

sum(gp)
, rq = gq

sum(gq)
. Generate the random ratio of load for each buses

8: rbus(1 : 11, tmInter) = pdly(tmInter)rp . Generate the random load for 11 PQ buses

9: qbus(1 : 11, tmInter) = qdly(tmInter)rq . Generate the random load for 11 PQ buses

10: end for

Algorithm 2 generate the daily random PV output
1: Input: tmcld = 3, cldbd = 360 (i.e.: 3 hours), gpv = idea PV output curve from local utility

(half-min interval data)

2: Output: upv . Generated the daily PV output

3: Initialization: upv = zeros(2880, 1),nonZr = find(gpv > 0)

4: pvStt = nonZr(1), pvStp = nonZr(end) . Get when the PV generates power

5: tmSun = pvStp− pvStt+ 1 . time length of the PV output

6: for i← 1, tmcld do

7: cldInd = floor(rand(1)tmSun) . Generate when would have clouds

8: cldLen = floor(rand(1)cldbd) . Generate the clouds lasting time

9: lcld = rand(1, cldLen) . Generate random ratio for PV output

10: chgeStt = cldInd+ pvStt

11: upv(chgeStt : chgeStt+ cldlen− 1) = gpv(chgeStt : chgeStt+ cldLen− 1) ◦ lcld .

The symbol ◦ means the Hadamard product operation for vector

12: end for
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Figure 4.4: PV panels output for uncertainty modeling.

To model the uncertainty of the PV panels output, cloudy index, times, and lasting length are

added in the ideal summer PV output curve, which is obtained from the local electrical utility

company. The generation steps are summarized in Algorithm 2 with randomized parameters as

cloudy index, cloud lasting length, and the PV output ratio. The generated PV outputs are displayed

in figure 4.4. The shapes of the PV output are the same for the local test case. The output value

marked here is for IEEE 14 case.

In figure 4.4, the upper left figure is the ideal PV output curve. The upper right figure is the

output using the data generated by Algorithm 2. The lower left figure illustrates the result when

the moving average is applied to filter the noise and the lower right figure is the final output used

in the model.
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4.4.3 Voltage sensitivity analysis to define the candidate buses

Figure 4.5: The voltage sensitivity for each bus in a day.

Using (4.4), the voltage sensitivity of each bus is computed for every time interval. For the

IEEE 14 bus test case, there are 14 buses and 96 time intervals in a day. Thus, for each bus, the

voltage sensitivity is calculated with the load that is generated in part 4.4.2 for 96 time intervals.

The sensitivities for each bus are summed up and plotted it in figure 4.5. Figure 4.5 shows buses

12, 13 and 14 are the most sensitive that could be the candidate places to install the DG.

4.4.4 Modified NSGA II model for DG operation

After the DG installation location is defined, determine the optimal size and operation of the DG

to satisfy several objectives is the next target. For multiobjective problems, which has objective

functions conflict with each other, finding multiple compromised solutions is more reasonable than

a single best solution, since a solution may not exist. The NSGA II is currently one of the most

popular algorithms that target multiobjective problems, which is utilized here. The steps that are

used and modified in this chapter are introduced.

(1) The parent population, T , are randomly generated within the boundary defined in the prob-

lem formulation. The chromosome of each individual is composed by the buses’ voltage magni-
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tudes and angles, generators’ active and reactive power outputs, tap ratios, shunt reactance, and the

DG output for a specific bus calculated from the voltage sensitivity analysis.

(2) Nondominated sorting is performed to classify the population. The binary tournament

selection is then used to get winners based on the level of nondomination and the crowding distance

between the competitors. Intermediate crossover and Gaussian mutation are taken to generate the

next generation from previous winners. Here, the mutation rate is set to 0.04. The generated

offspring and their parents are saved and sorted based on nondomination. If the population is less

than T , then the remaining part of population will be randomly generated. The new generation

is produced and the algorithm is ended if the stop criteria are satisfied, e.g. it achieves maximum

number of generation: G. Here, T equals 480, and G equals 36. Otherwise, it will repeat the

previous steps.

(3) A fuzzy logic decision model is built. When the multiobjective problems are solved, a

Pareto front is obtained. However, in the actual application, only a ”best” solution is needed to

solve the MOO problem. To find the best compromised solution from the Pareto front, the fuzzy

logic technology is used [136], which can obtain a good compromised individual from the last

population in last generation that is generated. Take the figure 4.1 for example, this fuzzy logic

decision model tries to find the green dot (i.e.:x1) as the compromised the solution because it has

decent values for both objective functions Z1(x1), Z2(x1) . The model’s inputs are active power

losses, reactive power losses, and voltage deviations. The model outputs a score for each indi-

vidual, and the one with the highest score is selected. Their membership functions are a general

Z-shaped function, a GAUSS function, and a S-shaped function, respectively, but with different

ranges and various parameters. For example, if the model emphasizes the importance of the min-

imization of the active power losses, the C parameter of the GAUSS function in the active power

loss input approaches the ‘good’ side and it also has more weight in the fuzzy rules. A figure

4.6 shown a detail. This model is written in the scripts that is incorporated in the optimization

algorithm.

To find the optimal operation of the DG for one time interval, the modified NSGA II method is

built up based on previous steps, since the DG’s energy output to grid is one of components inside



4.4. MODELING AND SIMULATION 87

Figure 4.6: The membership functions for active power losses.

of the chromosome. Simultaneously, this model provides good parameters for other equipment in

the power distribution, such as the generators’ outputs and transformers’ tap ratios.

4.4.5 The dynamic DG operation based on modified NSGA II

To make the modified NSGA II model dynamical, the loads data is incorporated with PV outputs

that are generated in Part 4.4.2. The modified NSGA II model is then continuously employed to

solve the multiobjective problem with the loads and the PV outputs changed sequentially. Mean-

while, the optimal size of DG is obtained during this period. The issues in applying the modified

NSGA II dynamically depends mainly on the following [137]: assume the model spends a time

tr to run one generation and there are G generations for certain loads. Suppose the loads are not

changed within a time interval Tl and Gtr < Tl . Thus, if Tl is too small, it may not get the best

Pareto front with a limited number of generations; if Tl is too big, the loads may change to a large

degree, which requires more generations to get the best Pareto front. Therefore, increasing the

model’s computation speed for each generation is a possible solution for the issues.
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Next, we try to reduce the computation time for the modified NSGA II model when it tracks

the optimal Pareto front during the simulation.

1) The initialization space is reduced. The first step of the NSGA II is randomly generating

the population inside of initialization space. If the space can be reduced, then less number of

populations are needed to distribute over the space, which means less time is used to evaluate them.

This can be done because based on an assumption that when the loads are selected to be the extreme

case, to get the optimal Pareto front, the variables in the chromosome also range to an extreme

degree. When the loads are in a decent case, then the variables also range to a comparatively

small degree. If the short-term and very short-term load forecasting is accurate, as in Chapter

3, this initialization space may be compressed further, because the NSGA II can be employed in

advance based on the accurate load forecasting, and the range of variables initialization space can

be calculated and confined in advance.

2) The last population from the last generation is incorporated into the next generation’s popu-

lation. If loads in the time interval Tl do not change too much, or if the Tl is small, the parameters

of the NSGA II may be similar to the previous time interval to get the optimal frontier. In this case,

the population inherited from the last generation will help the model to find the new optimal Pareto

front quickly. To maintain the diversity of the new population, the mutation rate is increased to

0.09. Also, the best percentage of a population that the current population inherited from the last

generation still needs to be tested.

The general procedures for our dynamic operation are summarized in figure 4.7. With previous

strategies, the operation time of the modified NSGA II model is reduced to half of the original

case, and the optimization performances are still good. By taking the maximum production of DG

during this period, the optimal size of DG can be determined. This dynamic operation of DG,

based on the modified NSGA II model, not only provides us a way to operate DG optimally, but

also guides us to operate other electrical components effectively. The results are presented in the

result part.
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Figure 4.7: The flow chart of the dynamic operation of a DG.
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4.5 Results

Many tests have been taken to verify the method at the IEEE 14 bus. The first case compares

the modified dynamic NSGA II with the case without optimization, and the optimization methods

PDIPM and TRALM. The second compares the modified dynamic NSGA II with traditional NSGA

II.

Case 1: comparing the modified dynamic NSGA II with the optimal methods PDIPM, the

TRALM, and no optimization case.

Here, the maximum DG output is 10 MW, where DG is considered as the PV panels. We also

assume there is an energy storage system that can store the extra power from the DG that is not

injected into the grid. The generation is set as 25, and the population is selected as 400 for modified

dynamic NSGA II model. According to the voltage sensitivity analysis, the bus 12, 13 and 14 are

the best places to install the DG. Here, the DG installation tests are extended to include bus 7 to

bus 11.

To calculate the daily average power losses and voltage deviation at each time point, the fol-

lowing equations and steps are used: assume the PV is installed at ith bus, i ∈ [7, 14] at tth time

point t ∈ [1, 96], the generated the loads and PV outputs are used to compute the power losses and

voltage deviations. The active power losses: actP i
loss(t), the reactive power losses reactP i

loss(t)

and voltage deviation volDevi(t) are computed by each methods. The daily average active power

losses at ith bus is computed by: dlyActP i
loss = 1

96

∑96
t=1 actP

i
loss(t). The daily average reactive

power losses at ith bus is computed by: dlyReactP i
loss = 1

96

∑96
t=1 reactP

i
loss(t). The daily aver-

age voltage deviation dlyV olDevi = 1
96

∑96
t=1 volDev

i(t). The dlyActP i
loss, dlyReactP

i
loss, and

dlyV olDevi are plotted for every method in figure 4.8.

In figure 4.8, the black bars represent the results without any optimization on the active and

reactive power losses and voltage deviation when installing a DG in the corresponding bus. The

blue bus tells the results generated by the PDIPM, and the cyan bars displays the results computed

by the TRALM. The yellow, red and green bars are active and reactive power loss and voltage
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Figure 4.8: The daily average power and voltage deviation comparison from modified NSGA II, the PDIPM, the
TRALM, and no optimization.

deviation with modified NSGA II method. It is clearly to see that using the modified NSGA II

method will save lots of energy and also keep the circuit more stable. Meanwhile, the results from

the PDIPM and the TRALM methods are almost the same, but both of them are better than the

results from the method without optimization.

To calculate the daily energy losses, the equationW = Pt is used. Since the data in this system

is sampled by 15-min, the energy loss for ith bus at tth time point is: W i
loss(t) = 0.25actP i

loss(t).

The daily energy losses for each bus is computed as: dlyW i
loss =

∑96
t=1W

i
loss(t). To calculate the

percentage of the energy losses, the perEnegiloss =
dlyW i

loss

dlyWall
×100%, where the dlyWall is the sum

of energy that is generated by the generator during a whole day. The energy loss and percentage of

energy loss for each method are plotted in figure 4.9. The black bars represent the case without any

optimization, the blue bars represent the PDIPM method, and the cyan bars represent the TRALM

method. The results from the modified NSGA II is plotted in yellow bar and green bar.

The Modified NSGA II has the minimum energy losses when compared with other methods,
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Figure 4.9: The daily energy losses from modified NSGA II, the PDIPM, the TRALM, and no optimization.

as the percentage of the energy losses at approximately 3%. The energy losses for the PDIPM and

the TRALM methods are better than the case without optimization.

Moreover, when the PV is installed on bus 12, bus 13 or bus 14, the power and energy loss

are smaller than when the PV is installed on other buses. This feature is consistent with all the

methods of comparing, and also compatible with the voltage sensitivity analysis that the bus 12,

13 and 14 are the good candidates to place the PV.

Case 2: the comparison of the basic NSGA II model and the modified dynamic NSGA II model

The generation is set as 36, and the population is set as 480 for the basic NSGA II model. The

parameters for the modified NSGA II model are set the same as in case 1.

The same steps and equations with Case 1 are used to calculate the average power losses,

voltage deviation, and the percentage of the energy losses here. In both figure 4.10 and figure

4.11, the blue bars represent results from the traditional NSGA II. The yellow, green, and red

bars represent the results from the modified NSGA II. From figure 4.10, the modified NSGA II
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Figure 4.10: Comparison of power losses with NSGA II and modified NSGA II.

Figure 4.11: Comparison of energy losses with NSGA II and modified NSGA II.
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is better than the NSGA II at the power loss, and the modified NSGA II has almost the same

voltage deviation with the NSGA II. From figure 4.11, the modified NSGA II is also better than

the traditional NSGA II from both the energy losses and the percentage of the energy losses.

There are two important benefits from the modified NSGA II in this work. One is that it runs

much faster. With modifications, to train one generation, it spends 70.575 seconds instead of

133.612 seconds, which means it is almost twice as fast as the case without modifications. The

other is it has fewer power losses, and with the voltage deviation is almost the same with the

traditional NSGA II. The cases were tested on a computer with 8 GB installed memory, 4 Cores’

CPU and each processor is 2.00GHZ.

4.6 Conclusion

In this chapter, a method to plan and dynamically operate DG is proposed, which is based on

modifications of the NSGA II. To test the method, the uncertainty of the load and the PV output

are considered, and the algorithms are designed to incorporate the uncertainty to generate load

and PV outputs. The voltage sensitivity is applied to select the candidate buses for installing the

DG. The NSGA II algorithm is modified by adding the fuzzy logic decision model so to choose the

”best” solution from the Pareto front. Two strategies are designed to increase the modified dynamic

NSGA II computation speed. The modified dynamic NSGA II then used in the daily operation of

test cases, i.e. the IEEE 14-bus, displays great ability in increasing the computation efficiency and

reducing the power losses and voltage deviations.
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Chapter 5

Summary and Future Research Directions

In this dissertation, we design a framework to optimally operate power distribution with distributed

generators based on the machine learning techniques. The contributions are summarized, and then

the potential future research is addressed.

5.1 Summary of This Dissertation

In Chapter 2, a comparative study for the peak load forecasting at distribution feeder level circuits

are investigated. First, two years of private load data from the local utility and two years of public

load data from Texas utility are analyzed. The correlation analysis is applied between peak load

and weather factors. Next, a new nonparametric, Bayesian Additive Regression Trees (BART), is

introduced to do peak load forecasting. Since the BART method takes a amount of time to generate

the forecasting, the composite kernel methods based on Gaussian Process Regression (CKGPR)

are designed. Then these methods have been compared with Multiple Linear Regression (MLR)

method and the Support Vector Regression (SVR) method based on the private residential area

and public business area load data. Thorough comparison results are presented based on five

forecasting measurements. The BART has the best forecasting accuracy among all the indices, and

the CKGPR also has counterpart forecasting results but with less computation time. Meanwhile,
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the forecasting accuracy difference between two areas is analyzed. Last, influential weather and

human factors are summarized.

In Chapter 3, a new framework of distribution-level time series short-term and very short-term

load forecasting is proposed. This framework may be divided into two parts. In the first part,

the composite Matérn kernels of Gaussian process regression is designed to do day-ahead load

forecasting based on the thorough analysis of two areas’ load data and kernels comparison. A data

selection algorithm is also designed to improve the prediction accuracy of the composite kernels

further. In the second part, a daily curve tuning algorithm (CTA) is designed based on creatively

using the dictionary learning algorithm, K-SVD, to further improve the forecasting result from the

first part. Three steps are summarized for the CTA. In step one, the new dictionary is built by

using the K-SVD to decompose the output of the composite Matérn kernels based on the historical

load data. In step two, for a certain length of atoms (T0), the tuned curves are generated by using

the K-SVD to learn the known daily load and curve selection model is then designed to select the

best-tuned curve based on the linear regression models with forecasting errors as feedback. In the

last step, the final tuned curve is selected by the minimization of the mean daily load difference

for different length of atoms. Three aspects results, very short-term forecasting, gradually tuning

property and whole day tuning result, are summarized based on the 15-min interval, two-year

private data from the residential area of Albuquerque and two-year public data from the business

area at the north central Texas. The results demonstrate the high effectiveness of this framework

for the distribution-level of circuits.

In Chapter 4, we proposed an optimal method to plan and dynamically operate the distributed

generation (DG) based on the modified nondominated sorting genetic algorithm II (NSGA-II).

First, the uncertainty of load and DG (photovoltaic panels) output are considered. Second, the

placement of a DG is defined by a voltage sensitivity analysis. To find the optimal daily operation

of a DG, a multiobjective problem is formulated that focuses on the minimization of a circuits

voltage deviations, active and reactive power losses. To solve the problem, the traditional NSGA

II is modified by incorporating a fuzzy logic decision model. The fuzzy logic model selects an

optimally compromised solution from the Pareto front by analyzing its weights of voltage devia-
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tions, active and reactive power losses. Furthermore, to operate a DG optimally and dynamically,

the methods computation speed is crucial. To increase the modified NSGA II computation speed,

the population initialization space is reduced, and the population is selected and saved for the next

generation based on load analysis and experiments. The method is tested on the IEEE 14 bus

and a local residential circuit. The results on reducing the power losses, voltage deviations, and

increasing the algorithm speed demonstrate the effectiveness of this method.

5.2 Future Research Directions

In Chapter 2, the possible extension will include exploiting the explanatory abilities of the BART

algorithm. The selection of the prior is essential to optimize results and needs further study. In

particular, attention should be paid to how inference can be applied to adjust the prior variance.

The number of trees is a free parameter which must be carefully validated to achieve optimum

performance. Regarding the data, this Bayesian method is promising and can show improvement

in performance in contrast to other regression methods if additional information is applied, such as

the solar radiation and demographic data.

In Chapter 3, it is worth to point out that the spectral mixture kernel [138] may be a good

candidate for the day-ahead load forecasting, instead of using the CMKs, because the spectral

mixture kernel can approximate any stationary covariance kernel to a arbitrary precision [138].

In the CTA, the linear dictionary K-SVD plays an important role to generate the dictionaries and

their coefficients. It is nice to point out that other linear dictionary learning algorithm, such as the

recursive least squares dictionary learning algorithm [119], may have a counterpart effect in the

CTA framework. Moreover, the predicted mean value of the daily load, generated and adjusted by

the regression models in real-time, may be predicted day-ahead by regression model in Chapter 2

if its correlated factors or prior knowledge could be seized.

In Chapter 4, the modified NSGA-II framework may be extended to test with large circuits of

more than one thousand buses. In real applications, a fast response to the load demand is crucial to
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the power network. The evolutionary method needs to spend a time to derive the optimal solutions,

so it is important to design a mechanism to improve the efficiency of the algorithm when applied to

a large circuit. One possible solution is running the algorithm in advance with accurate short-term

and very short-term load forecasting. Then, the derived optimal parameters may be used after that.
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