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Abstract 

In today’s highly competitive and deregulated electricity market, companies in 

the generation, transmission and distribution sectors can all benefit from collecting, 

analyzing and deep-understanding their customers’ load profiles. This strategic 

information is vital in load forecasting, demand-side management planning and long-

term resource and capital planning. 

With the proliferation of Advanced Metering Infrastructure (AMI) in recent 

years, the amount of load profile data collected by utilities has grown exponentially. Such 

high-resolution datasets are difficult to model and analyze due to the large size, diverse 

usage patterns, and the embedded noisy or erroneous data points. In order to overcome 

these challenges and to make the load data useful in system analysis, this dissertation 

introduces a frequency domain load profile modeling framework. This framework can 

be used a complementary technology alongside of the conventional time domain load 

profile modeling techniques.  

There are three main components in this framework: I) the frequency domain 

load profile descriptor, which is a compact, modular and extendable representation of the 

original load profile. A methodology was introduced to demonstrate the construction of 

the frequency domain load profile descriptor. II) The load profile Characteristic 
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Attributes in the Frequency Domain (CAFD). Which is developed for load profile 

characterization and classification. III) The frequency domain load profile statistics and 

forecasting models. Two different models were introduced in this dissertation: the first 

one is the wavelet load forecast model and the other one is a stochastic model that 

incorporates local weather condition and frequency domain load profile statistics to 

perform medium term load profile forecast.  

7 different utilities load profile data were used in this research to demonstrate the 

viability of modeling load in the frequency domain. The data comes from various 

customer classes and geographical regions. The results have shown that the proposed 

framework is capable to model the load efficiently and accurately.  
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General Audience Abstract 

In today’s highly competitive and deregulated electricity market, companies in 

the electricity power generation, transmission and distribution sectors can all benefit 

from collecting, analyzing and deep-understanding their customers’ electricity 

consumption behavior. This strategic information is vital in forecasting and managing 

the future electricity demand. This information is also very important in utility 

company’s long-term resource and capital planning. 

With the proliferation of Advanced Metering Infrastructure (AMI) in recent 

years, the amount of electric load profile data collected by utilities has grown 

exponentially. Such high-resolution datasets are difficult to model and analyze due to the 

large size, diverse usage patterns, and the embedded noisy or erroneous data points. In 

order to overcome these challenges and to make the load data useful in system analysis, 

this dissertation introduces a frequency domain load profile modeling framework. This 

framework can be used a complementary technology alongside of the conventional time 

domain load profile modeling techniques.  

There are three main components in this framework: I) the frequency domain 

load profile descriptor, which is a compact, modular and extendable representation of the 

original load profile. A methodology was introduced to demonstrate the construction of 
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the frequency domain load profile descriptor. II) The load profile Characteristic 

Attributes in the Frequency Domain (CAFD). Which is developed for categorizing the 

load profile data. III) The frequency domain load profile statistics and forecasting 

models..  

7 different utilities load profile data were used in this research to demonstrate the 

viability of modeling load in the frequency domain. The data comes from various 

customer classes and geographical regions. The results have shown that the proposed 

framework is capable to model the load efficiently and accurately.  
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Chapter 1: Introduction 

1.1 Introduction to Load Profile Modeling in Frequency Domain 

With the proliferation of AMI in recent years, utilities have accumulated a large 

amount of high-resolution electricity consumption data. Deep-mining this data will help 

utilities to gain strategic advantages in areas such as load forecasting, demand-side 

management, and resource planning.  

Customer electricity usage patterns are very diverse and can be effected by many 

factors including geographical, demographical, and meteorological factors. For example, 

Figures 1-1 to 1-3 present daily load profiles for some sample commercial and residential 

customers from a large utility in the Midwest region of the United States.  

 

Figure 1-1: Average daily load profiles for commercial customers 

 

Figure 1-2: Average daily load profiles for residential customer: non-winter months 

 

 

 

 

Figure 1-3: Average daily load profiles for commercial customers 
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The commercial customer has a set of very consistent load patterns throughout the 

year. The load pattern exhibits a long and flat high-load period during typical business 

hours (9am to 5pm). On the other hand, the residential customer has a more diverse set of 

load patterns. During the winter time there are two relative short and distinctive high-load 

periods (morning and evening). During non-winter months the high-load morning period 

shifts to a later time of the day. In addition to studying the daily load profiles, utilities often 

use the annual load profiles in load research and modeling. In Figure 1-4, there are two 

very different normalized annual load profile plots: the one on the top is from a commercial 

customer, the bottom one is from a residential customer. The plots exhibit very different 
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Figure 1-4: Normalized annual load profiles for residential and commercial customers 

 

 

 

C
o
m

m
e
rc

ia
l 

0.1

0.6

N
o

rm
al

iz
e

d
 K

w
h

 

Figure 1-3: Average daily load profiles for residential customer: winter months 

 

 

 

 

Figure 1-3: Average daily load profiles for residential customer: winter months 
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load patterns characteristics. For example, the residential customer load pattern has a strong 

correlation with both the hot and the cold weather days while the commercial customer 

load pattern is mainly affected by the hot weather. The residential customer has a double-

peak daily load pattern in January and single-peak daily load pattern in July. The 

commercial customer has a consistent single peak, load daily pattern throughout the year, 

where the total daily energy consumption varies with the season. 

The annual load profile of residential or commercial customers can be viewed as 

being composed of many different periodical components, such as the seasonal component 

with higher electricity usage in the summer and winter, weekly component with different 

weekend and weekday electricity usage, and daily component with a double peak pattern 

for residential customers and a single peak pattern for commercial customers. Because of 

these periodicities in electric load profiles, the frequency domain, or spectral analysis, is 

suitable for analyzing and modeling electric load data. Spectral analysis techniques have 

been applied in many different fields, such as understanding periodic patterns in 

economics, meteorology, geology, and astronomy.  Spectral analysis is also applied in 

visual and audio signal data processing. 

Using frequency domain characterization techniques, complex time-domain load 

profile data can be decomposed into a series of frequency domain components. These 

components can be used as a set of building blocks to model distinctive load pattern 

characteristics. These building blocks have the potential to serve as a load profile signature 

for each customer. Because of the modular and orthogonal natural of these components, 

statistics can be calculated for each component. The frequency domain statistics then can 

be used to construct electric load forecasting models.  
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1.2 Challenges in Load Profile Modeling in the Frequency Domain 

Load profile data is typically stored as time-series data that is indexed by the 

collection timestamp. The properties of this data set include:  

 High data dimension.  

 “Noisy” because of meter reading errors and missing measurements 

 It contains various periodical data patterns 

 It is correlated with geographical, demographical, climatological and 

sociological data.  

The above properties pose some challenges for modeling load patterns in the time-domain.  

In the time domain it is difficult to systematically identify or quantify load pattern 

characteristics. In the time domain load profiles are typically modeled using a Typical Load 

Profile (TLP) within a time window (daily, monthly or annually), as shown in Figure 1-5 

[1]. Recent research [1] has proposed to describe time domain load profile characteristics 

with parameters such as  

 
Figure 1-5: TLP for a typical office building 
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 Base Load 

 Peak Load 

 Rise Time 

 Fall Time 

 High Load Duration. 

The above parameters are illustrated in Figure 1-6 [2]. These parameters define the 

temporal relationship between the load profile magnitude values and the time indices. For 

a high- dimensional dataset, such as an annual load profile consisting of 8760 load 

measurements, it is very complicated to use such an approach to modeling the load. 

Load estimation and load forecast models have been built for various types of 

customers [2-5] by extracting statistical properties from historical data. Some research 

refines such models by introducing other factors, such as weather conditions [6-7]. Various 

load models (regression [8], fuzzy approaches [9-11], and neural networks [12-13]) have 

 

Figure 1-6:  Time Domain Load Profile Description using 5 Parameters 
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been used for load forecasting and estimation. 

The performance of load models is dependent on a load profile classification 

process. This classification process should not be based on customer electric rate charges. 

Although customers are generally grouped by utilities into residential, commercial and 

industrial classes, and respective subclasses, there is no systematic framework that can be 

used to characterize usage patterns of different classes and subclasses with signatures that 

are both human-readable and machine-readable.  

1.3 Research Objectives 

This dissertation seeks to investigate and contribute to three major aspects of load 

research.  

First, a theoretical framework for load profile representation in the frequency 

domain is sought.  The predominant load profile representation today is in the time domain. 

Second, a way to hierarchically classify loads based on significant usage patterns 

is sought. The predominant way that loads are classified today is based upon customer 

electric rate classifications. 

Third, an efficient, scalable and parallel-processing approach to constructing 

frequency domain load models is sought. 

1.4 Literature Review 

A literature review of load research has been performed primarily in the following 

three areas 

 Electricity load pattern characterization 

 Electricity load pattern classification 
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 Electricity load estimation 

Whereas this dissertation is dependent on the aforementioned fields, the research 

seeks to find a new framework to systematically model, classify and estimate electric load 

profiles. The following subsections highlight differences in approaches between the 

existing literature and the approach taken by this research.  

1.4.1 Electricity Load Pattern Characterization 

With the advent of AMI systems, high-resolution electric usage data is now being 

collected at individual customer and/or equipment levels. In order to successfully utilize 

this high resolution load data [1], the utility must have a systematic and efficient way to 

describe the unique and significant patterns and/or properties contained in the load data.  

Conventional methods for analyzing load profile shape are detailed in reference [1] 

by Price. This reference discusses load profile characterization methods using various time-

domain parameters (illustrated in Figure 1-5 and 1-6). Espinoza [2] introduced a unified 

framework to model the stationary properties of daily customer profiles. Currently utilities 

do not have a standard method or terminology to characterize and model customer load 

profiles.  This is because the time domain load profile characterization methods are verbose 

and imprecise. They are not suitable for modeling the significant patterns contained in the 

load profiles.  

Because consistent and predicable schedules exist in the majority of residential, 

commercial, and industrial customers, there are many “hidden periodical patterns” in load 

profiles. Preceval [14] and Stoica [15] both listed a set of spectral analysis applications 

which show that frequency domain analysis methods are good complementary to the 

traditional time domain methods. Carpneto [16] and Verdu [17] utilize the frequency 
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domain load pattern data to classify load profiles based on the values of the load profiles’ 

frequency domain components.  

This dissertation seeks to formalize the methodology for characterizing and 

analyzing load profiles in the frequency domain using the Discrete Fourier Transform. The 

dissertation addresses two issues, data sampling rate and signal bandwidth, which are not 

adequately addressed in the literature [16-17], but are important for the validity of 

frequency domain load profile characterization.  

1.4.2 Electric Load Pattern classification 

In order to effectively manage and plan for the electric power system load demand, 

it is important for a utility to be able to correctly and efficiently classify and categorize 

customers based on their electric usage patterns.  

Conventionally load profile classification is performed in the time domain using 

various data mining techniques. Espinoza [2] introduces a time-domain, uniform 

framework for customer profile classification using the stationarity properties of the time-

series Periodic Auto-regression (PAR) model to identify typical daily customer profiles. 

The basic PAR model template consists of 1176 parameters. This template is further 

extended to include exogenous variables to account for temperature effects, as well as 

monthly and weekly seasonal variations. Using the PAR model, the Typical Daily Profile 

(TDP) model can be computed. The load profile classification is accomplished by applying 

the unsupervised K-mean clustering algorithm on the TDP model.  

In order to discover the unique customer load profile groups with significant load 

patterns, Ramos [18] applies four different data mining techniques - k-means, normalized 

N-Cut, Pairwise Constrained (PC k-means) and Metric Pairwise Constrained (MPC k-
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means) - to a set of normalized average TDP models (which represent a set of annual load 

profiles). Once all possible typical load profiles (TDP) are discovered by the unsupervised 

clustering algorithm, then a supervised approach, supported by cluster validity indices as 

well as expert opinions, consolidate the large number of TDP into a set of more meaningful 

groups.  

Kim [19] summarizes recent advances in Typical Load Profile generation for a 

customer class, which included the Self-Organizing Map (SOM), K-mean, Fuzzing C-

means, hierarchical, Follow the Leader, and Fuzzy relations. The goal of these 

classification methods is to produce suitable TLP.  

Additional literature [2, 4, 24-25] utilizes several variations of k-means, fuzzy-

statistic, neural network and support vector machines [1-2,18-23] to classify load profiles 

using customer load profiles within different time intervals, such as annual load profiles or 

daily load profiles. 

This dissertation seeks a hierarchical classification method based on the frequency 

domain characteristics of a load profile. The major difference between the frequency 

domain approach investigated here and the traditional time-domain classification methods 

is that the approach here depends on the new frequency domain load pattern characteristic 

parameters. 

1.4.3 Electric Load Estimation 

Load pattern characterization and classification focuses on how load profiles 

behave based on prior load profile data. These impact load estimation which in turn impacts 

utility financial, generation, transmission, distribution and integrated resource planning.  
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Load forecasting is important to cost-of-service allocation, rate design, demand response, 

and energy efficiency [1].  

Load forecast models can generally be divided into two groups. The first group is 

the traditional time series and statistical methods. The major methods include [6-13] 

 Time series - ARMA, Box–Jenkins ARIMA, regression, and transfer 

function (dynamic regression), expert systems; neural networks 

 Fuzzy logic 

 Support vector machine.  

Almeshaiei [24] describes a time-series method that uses load pattern 

decomposition to model the load profiles as two main components: the noise component 

and the smooth moving, average component. It utilizes the Self-Organizing Map (SOM) to 

identify segments in the load profiles that have similar behavior. The method combines the 

region similarity, contour and proposed related points to forecast the load profile.  

Torkzadeh [25] proposes to method which combines the Principle Component 

Analysis (PCA) and Multi-Linear Regression (MLR) to forecast medium term load 

profiles. Espinoza [2] introduces Periodic Autoregressive (PAR) models to forecast the 

substation aggregated load profile. Chang [5] presents an updated version of the fuzzy load 

model to forecast transformer load profiles.  

The second grouping for load forecasting are the machine learning methods. For 

example, Sevlian [26] describes three different load forecasting models: Seasonal ARMA 

models (SARMA), a Support Vector Regression (SVR) model, and a Feed Forward Neural 

Network (FFNN) model. The author indicates the performance indices of these models 

improve as the size of the load increases.  
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The majority of load modeling literature focuses on short term, from minutes to 

several days, and long term, from a year to a decade, load estimation at the system or 

substation level, where the load can range from several MW to several GW [24-26]. These 

load models are generally constructed using time-domain load data. However, in the time-

domain it is difficult to describe and quantify the diverse and complicated load pattern 

characteristics that exist in AMI load data [27-28]. 

The aforementioned load forecast research is conducted in the time-domain. Yao 

[29] proposes a method that utilizes wavelet transformation to decompose the load profile 

and use neural networks to forecast each component’s future value. The estimated wavelet 

component values are synthesized back to time domain load profiles. 

 This dissertation proposes to use frequency domain transformation techniques to 

decompose the load profile into frequency domain components. Frequency domain 

statistics can be computed for each significant frequency domain component. Conditional 

statistics will also be computed based on weather conditions. These frequency domain 

statistics can then be utilized in load estimation.  

1.5 Dissertation Outline 

Chapter II presents the frequency domain load profile characterization approach 

and the prerequisite conditions for its application. Analysis of daily load profiles using their 

frequency components is discussed.  

Chapter III introduces the concept of frequency domain characteristic attributes. A 

frequency domain load profile classification method is presented. New frequency domain 

attributes are discussed and a general load profile classification procedure is presented. 
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Chapter 3 presents a load profile classification test that evaluates the efficacy of the 

frequency domain classification procedure. 

Chapter IV introduces another frequency domain load profile modeling approach - 

the wavelet based AMI load profile model. Two different wavelet based load profile 

models are introduced. System load analysis results based on the wavelet models are 

presented.  

Chapter V introduces a medium-term weather-dependent stochastic load model 

using the frequency domain statistics calculated from the AMI data set. The model 

performance metrics comparison with other models have also been presented.    

Chapter VI summarizes the findings, contributions and future research topics. 
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Chapter 2: Load Profile in Frequency 

Domain 

2.1 Methodology for Modeling Load Profiles in the Frequency Domain 

Each daily load profile in Figure 2-1 consists of 24 hourly load data points xm(t), each 

of which is the monthly average for a group of commercial customers’ load measurements 

recorded at that hour.  

In order to focus on the shape of the load profile, the hourly data is normalized by the 

daily peak xpeak as in equation (2.1). 

𝑥𝑛(𝑡) = 𝑥𝑚(𝑡) 𝑥𝑝𝑒𝑎𝑘  ⁄                                                   (2.1) 

The normalized daily load profile can be expressed by equation (2.2).  

𝑥(𝑡) = ∑ 𝑥𝑛𝛿(𝑡 − 𝑛∆𝑡)                                             (2.2)

23

𝑛=0

 

Where xn is the peak normalized hourly data indexed by n  

           ∆t (1 hour) is the sampling time interval 

 

Figure 2-1: Average daily load profiles for utility A commercial customers 
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The time-domain load profile can be transformed into the frequency domain by 

using the Discrete Fourier Transform (DFT). The frequency domain representation is 

shown by equation (2.3). 

𝑋(𝑓) = ∑ 𝑋𝑘𝛿(𝑓 − 𝑘∆𝑓)

23

𝑘=0

                                               (2.3) 

Where  Xk is a member of the frequency spectrum indexed by k 

             ∆f is the frequency resolution. 

Each member of the frequency spectrum, 𝑋𝑘, can be expressed by equation (2.4). 

𝑋𝑘 = ∑ 𝑥𝑛

23

𝑛=0

𝑒−
𝑗2𝜋𝑘𝑛

24 ,      𝑘 = 0,1,2, … , 23                       (2.4) 

Where Xk is a complex number that has magnitude ak and phase angle θk. 

Using the Inverse Discrete Fourier Transform (IDFT) shown by equation (2.5) and 

equation (2.6) the time-domain profile, 𝑥𝑟(𝑡), can be reconstructed by using some or all of 

the frequency components . 

𝑥𝑟(𝑡) = ∑ 𝑥𝑛
𝑟𝛿(𝑡 − 𝑛∆𝑡)                                                 (2.5)

23

𝑛=0

 

𝑥𝑛
𝑟(𝑡) =  

1

24
∑ 𝑋𝑘

23

𝑘=0

𝑒
𝑗2𝜋𝑘𝑛

24 ,      𝑛 = 0,1,2, … ,23              (2.6) 

Using Euler’s identity to combine exponentials into cosine functions, 𝑥𝑟(𝑡) can be 

expressed as a sum of frequency components as shown in equation (2.7), which represents 
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the normalized load profile’s shape information in term of magnitudes and phase angles of 

the harmonics. 

𝑥𝑟(𝑡) = 𝑥𝐷𝐶(𝑡) + 𝑥1𝐻(𝑡) + ⋯ + 𝑥𝑝𝐻(𝑡) + ⋯ + 𝑥11𝐻(𝑡)   (2.7) 

Where xDC(t) = aDC =  
a0+a12

24
  is the DC component; 

x1H(t)    =   
a1

12
cos (

πn∆t

12
+ θ1) is the 1st harmonic with amplitude a1H =

a1

12
 and  

phase angle θ1 ; xpH(t) =  
ap

12
cos (

pπn∆t

12
+ θp)  is the pth harmonic with amplitude 

apH =  
ap

12
    and phase angle θp . 

Each harmonic is associated with an amount of energy consumed by activities 

performed at the corresponding harmonic frequency. For different customer classes, each 

harmonic can be interpreted with different physical meanings. For example, the 

commercial classes’ 1st harmonic can be interpreted as representing their single-peak usage 

pattern from 8am-5pm (normal business operation hours). For residential classes, the 2nd 

harmonic can be interpreted as representing a typical family’s daily household activity 

pattern, where the higher household activities in the morning and evening leads to higher 

electricity usage during those periods. The higher frequency harmonics may be correlated 

with other periodical factors that will be considered in what follows.  

The original load profile can be fully reconstructed by using the product of the 

reconstructed normalized load profile and the peak of the profile as shown in equation 

(2.8). 

  𝑥𝑚
𝑟 (𝑡) =  𝑥𝑝𝑒𝑎𝑘×𝑥𝑟(𝑡)                                (2.8) 

Once the original load profile is transformed into the frequency domain, the profile can 

be described by the following description system:  
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𝑆 = 𝑘𝛼𝐷𝐶
_ (𝛼1𝐻, 𝜃1𝐻)_ (𝛼2𝐻 , 𝜃2𝐻)_ … _(𝛼𝑘𝐻 , 𝜃𝑘𝐻)  (2.9) 

Where  𝑆 is the shape descriptor 

           k is the number of frequency components used in the shape descriptor 

           𝛼𝐷𝐶  represents the magnitude of the DC component 

           𝛼𝑘𝐻 represents the magnitude of the kth harmonic normalized by 𝑥𝑃𝑒𝑎𝑘  

           𝜃𝑘𝐻  is the phase angle of the kth harmonic.  
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2.2 Prerequisites for Load Profile Data in the Frequency Domain 

Before applying DFT to the time-domain hourly load data, two issues need to be 

considered. The first issue is whether the hourly data is adequate for representing the load 

profile. The second issue is whether the information represented in the hourly data is band 

limited, which can lead to aliasing problems. These issues will now be considered. 

2.2.1 Data Adequacy 

For individual residential or small commercial customers, the majority of load is 

consumed by various appliances and electronic devices that operate in duty cycles. The 

sampling rate commonly used by utilities (from 1 to 4 samples per hour) is too low to 

capture the true essence of each individual customer’s “true load curve”, which typically 

can be characterized as “needle peaks” due to the instantaneousness of the turn-on and turn-

off processes. The hourly data (even 15-minute data) is not frequent enough to represent 

the load profile of individual residential or commercial customers [30, 31]. 

The diverse and non-coincident usage of electricity by a large group of customers 

(even with the same classification) has a smoothing effect on the volatility of individual 

load behavior. Consequently, hourly data can be frequent enough to represent the overall 

load profile for a group of 100 or more individual customers [31]. The hourly data shown 

in Figure 2-1 are obtained by taking the average of the hourly data from 119 commercial 

customers. Before the DFT is applied to time-series data, it is important to recognize this 

relationship between group size and sampling rate.  If the DFT is to be applied to the load 

profile of an individual customer, measurements should be taken every minute [31]. In this 

paper, the load profile frequency domain characterization and analysis are performed only 
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on the aggregated customer class load profiles from three utilities, which will be referred 

to as utilities A, B & C. 

2.2.2 Band-limitedness 

Using load data from three different utilities, it will be demonstrated for the load 

data samples that the aggregated customer class load profiles studied in this paper is 

practically band-limited by showing that 1) the Nyquist frequency component (𝒂𝟏𝟐 ) is 

negligibly small with 0 degree phase angle. This means that the signal is practically band-

limited even though theoretically no signal can be both frequency and time limited (the 

daily load profile is time limited to 24 hourly measurements) [32], and 2) The time-domain 

profile can be reasonably well reconstructed by using only the frequency components 

below the Nyquist frequency.   

Table 2-1 (page 32) presents the magnitudes and the phase angles for utility A 

commercial customer’s monthly load profiles (normalized by its peak load value). It also 

presents the peak load, the load factor, and the load profile’s shape descriptor string. Using 

the normalized magnitudes, the load factor is related to a0 by equation (2.10). 

𝐿𝑜𝑎𝑑 𝐹𝑎𝑐𝑡𝑜𝑟 =  
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐿𝑜𝑎𝑑

𝑃𝑒𝑎𝑘 𝐿𝑜𝑎𝑑
=

𝑎0

24
            (2.10) 

As shown in Table 2-1, the load factor is numerically very close to the DC 

component’s magnitude value, 𝑎DC, because the value of 𝑎12 is negligibly small. The DC 

component is expressed in equation 2.7 as the sum of  𝒂𝟎  and 𝒂𝟏𝟐 normalized by the daily 

sample size, 24. 𝒂𝟎 is the average value of the normalized load profile. The shape descriptor 

string in table I follows the format introduced in equation 2.9 and contains DC and the 
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following 4 harmonic components’ values. The descriptor string can be expanded to 

include more harmonics as needed. 
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Table 2-1: Harmonics for the Average Daily Load Profile for the Commercial Customers in Utility A 

Month Peak (kW) Load Factor 
Normalized Harmonic Magnitude apH 

aDC a1H a2H a3H a4H a5H a6H a7H a8H a9H a10H a11H 

1 110.138 0.742 0.744 0.266 0.084 0.042 0.024 0.008 0.030 0.006 0.002 0.004 0.010 0.006 

2 109.982 0.754 0.756 0.262 0.076 0.050 0.026 0.012 0.026 0.006 0.002 0.000 0.010 0.006 

3 109.923 0.755 0.758 0.264 0.072 0.048 0.026 0.008 0.022 0.006 0.000 0.004 0.006 0.006 

4 106.289 0.740 0.743 0.268 0.066 0.056 0.028 0.010 0.022 0.004 0.002 0.002 0.012 0.006 

5 98.743 0.762 0.764 0.232 0.052 0.042 0.022 0.006 0.024 0.004 0.004 0.002 0.008 0.006 

6 119.548 0.740 0.740 0.258 0.064 0.046 0.024 0.004 0.024 0.004 0.002 0.004 0.008 0.004 

7 106.291 0.772 0.772 0.226 0.066 0.036 0.022 0.006 0.022 0.004 0.002 0.004 0.008 0.006 

8 112.619 0.753 0.755 0.252 0.058 0.044 0.024 0.012 0.016 0.004 0.002 0.002 0.008 0.002 

9 97.226 0.796 0.798 0.212 0.038 0.038 0.010 0.004 0.014 0.006 0.006 0.004 0.006 0.004 

10 108.316 0.753 0.755 0.254 0.054 0.050 0.018 0.002 0.020 0.008 0.004 0.002 0.006 0.004 

11 106.726 0.742 0.749 0.268 0.084 0.066 0.020 0.010 0.032 0.010 0.006 0.006 0.010 0.008 

12 86.911 0.775 0.780 0.248 0.092 0.048 0.014 0.018 0.020 0.008 0.006 0.004 0.008 0.006 

Month Shape Descriptor ( S ) 
Harmonic Phase Angle θpH (Radian) 

θ1H θ2H θ3H θ4H θ5H θ6H θ7H θ8H θ9H θ10H θ11H 

1 4_0.74_(0.27, 3.1)_(0.08, 1.5)_(0.04, 1.0)_(0.02, 4.5) 3.070 1.480 0.960 4.480 3.030 2.510 2.020 2.690 3.670 2.800 2.550 

2 4_0.76_(0.26, 3.1)_(0.08, 1.5)_(0.05, 1.0)_(0.03, 4.6) 3.100 1.570 1.020 4.610 3.580 2.450 2.360 4.750 4.270 3.090 2.260 

3 4_0.76_(0.26, 3.1)_(0.07, 1.5)_(0.05, 1.0)_(0.03, 4.5) 3.130 1.540 0.990 4.460 4.050 2.470 2.840 2.600 0.920 3.050 2.660 

4 4_0.74_(0.27, 3.2)_(0.07, 1.4)_(0.06, 1.0)_(0.03, 4.5) 3.150 1.400 1.040 4.530 3.840 2.480 2.390 0.240 4.630 3.140 2.390 

5 4_0.76_(0.23, 3.1)_(0.05, 1.2)_(0.04, 1.0)_(0.02, 4.6) 3.120 1.210 0.990 4.640 3.660 2.650 2.150 1.180 4.460 2.880 2.490 

6 4_0.74_(0.26, 3.1)_(0.06, 1.3)_(0.05, 0.9)_(0.02, 4.4) 3.100 1.290 0.910 4.430 3.710 2.570 1.230 0.790 4.900 3.020 1.970 

7 4_0.77_(0.23, 3.1)_(0.07, 1.3)_(0.04, 1.0)_(0.02, 4.4) 3.100 1.200 0.970 4.370 3.110 2.570 1.400 0.370 4.910 3.120 1.940 

8 4_0.76_(0.25, 3.1)_(0.06, 1.3)_(0.04, 1.0)_(0.02, 4.3) 3.050 1.290 0.960 4.310 3.620 2.280 1.810 1.150 5.100 2.940 2.570 

9 4_0.80_(0.21, 3.1)_(0.04, 1.4)_(0.04, 1.2)_(0.01, 4.2) 3.090 1.410 1.150 4.160 4.890 2.300 3.040 1.930 1.440 3.550 2.860 

10 4_0.76_(0.25, 3.1)_(0.05, 1.4)_(0.05, 1.2)_(0.02, 4.3) 3.140 1.430 1.150 4.270 4.860 2.390 2.690 1.420 0.310 3.130 3.050 

11 4_0.75_(0.27, 3.1)_(0.08, 1.6)_(0.07, 1.2)_(0.02, 4.0) 3.000 1.590 1.210 3.990 3.050 2.490 2.310 2.600 2.780 3.210 2.770 

12 4_0.78_(0.25, 3.0)_(0.09, 1.7)_(0.05, 1.3)_(0.01, 3.9) 2.970 1.700 1.280 3.860 2.890 2.630 2.390 3.080 3.010 3.260 3.090 
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With regard to the first point that if the load profile is band-limited, Table 2-1 has 

shown that as the frequency increases, the magnitude of higher frequency component 

decreases rapidly. The magnitude values decrease to a negligibly low value (<0.01) beyond 

the 6th harmonic, which clearly shows the characteristic of a band-limited dataset. 

To validate the second point of the band-limited issue, this thesis will introduce the 

following four indices to evaluate how well the reconstructed load profiles represents the 

original time domain profile.  

1) Peak Magnitude Error Index (PMEI) (in %) 

This index is used to evaluate the difference between the value of the peak of the 

original profile and the reconstructed profile as a percentage of the former 

𝑃𝑀𝐸𝐼 =
𝑥𝑜𝑚𝑎𝑥

− 𝑥𝑅max 

𝑥𝑜𝑚𝑎𝑥

×100 %       (2.11) 

Where xomax
 is the peak of the original load profile xm(t)  

xRmax
 is the peak of the reconstructed load profile xm

r (t). 

2) Maximum Magnitude Error (MME) (in %) 

This index is used to evaluate the biggest percentage difference between the 

original and the reconstructed load profile. 

𝑀𝑀𝐸 = maximum of (|
𝑥𝑚(𝑡)  − 𝑥𝑚

𝑟 (𝑡) 

𝑥𝑚(𝑡) 
| ×100 %)  (2.12) 

3) Mean Absolute Percentage Error (MAPE) (in %) 
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This index is used to evaluate the average difference between the original and the 

reconstructed load profile. 

𝑀𝐴𝑃𝐸 = mean of (|
𝑥𝑚(𝑡)  − 𝑥𝑚

𝑟 (𝑡) 

𝑥𝑚(𝑡) 
| ×100 %)         (2.13) 

4) Peak Time Error (PTE) (in Hours) 

This index is used to evaluate the time difference between the peaks of the 

original and the reconstructed load profiles.  

𝑃𝑇𝐸 = 𝑡𝑜𝑚𝑎𝑥
− 𝑡𝑅𝑚𝑎𝑥                                                  (2.14) 

Where tomax
 is the time at which xomax

 occurs 

 tRmax
 is the time at which xRmax

 occurs.  

The following procedure is used to handle load profiles with more than one peak.  

𝑇𝑜𝑚𝑎𝑥
 and 𝑇𝑟𝑚𝑎𝑥

 are two sets of hours at which the loads are within ±5% of the absolute 

peaks  of the original and the reconstructed load profiles, respectively. The intersection of 

these two sets is removed from each set. PTE is the element-by-element sum of differences 

of the two sets minus their intersection (the length of this new set is n). For example, for 

Figure 2-2, 𝑇𝑜
,
𝑚𝑎𝑥

= {11,12,15,16} .  For an intermediate reconstructed load profile, 

𝑇𝑟
,
𝑚𝑎𝑥

= {10,11,16,17}. The intersection of two sets are {11,16}, which are omitted from 

the PTE calculation.  PTE=|12-10|+|15-17|=4. More harmonics are needed to reduce the 

PTE below 4. 

Here a reconstructed load profile is considered satisfactory if the PMEI, MME, and 

MAPE are all less than 5% and the PTE is 2 hours or less. 



 - 32 - 

The January residential class load profile from utility A is used to demonstrate the 

IDFT reconstruction process. Table 2-2 presents the number of harmonics that are needed 

to achieve different levels of performance indices. For Table 2-1 load profile 

reconstruction, 3 harmonics will be sufficient to satisfy the aforementioned performance 

requirements. 

Table 2-2: Number of Harmonics Needed to Achieve Different Levels of Performance Indices 

Number of Harmonics Used PMEI (%) PTE (Hour) MME (%) MAPE (%) 

1 15.27 4.00 17.56 8.08 

2 8.43 2.00 13.14 6.84 

3 1.70 0.00 4.35 1.42 

4 0.60 0.00 3.83 1.11 

5 0.65 0.00 4.28 1.09 

6 1.55 0.00 2.94 0.90 

7 0.94 0.00 2.09 0.72 

8 0.78 0.00 1.80 0.70 

9 0.45 0.00 0.88 0.50 

10 0.34 0.00 0.90 0.49 

11 0.65 0.00 0.67 0.38 

12 0.15 0.00 0.20 0.17 

 

 
Figure 2-2: Original and reconstructed (by using 7 harmonics) average daily load profiles for the Commercial 

customers in Utility A for March (PMEI = -0.27%, PTE = 0 hour, MME = 3.73% and MAPE=1.02%) 
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Figures 2-3 to 2-4 are three original-vs.-reconstructed load profile overlay plots for 

commercial and residential customer classes in utility A for different months. The profiles 

reconstructed from the frequency domain representations are compact (ranging from 25% 

to 50% reduction in terms of harmonics used compared with the original forms). These 

plots illustrate that such compact representations are capable of representing the original 

profile without sacrificing major pattern characteristics.  

 
Figure 2-3: Original and reconstructed (by using 3 harmonics) average daily load profiles for the residential 

customers in Utility A in January (PMEI = 1.70%, PTE = 0 hour, MME = 4.35% and MAPE = 1.42%) 
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Figure 2-4: Original and reconstructed (by using 6 harmonics) average daily load profiles for the residential 

customers in Utility A in July (PMEI = -0.51%, PTE = 0 hour, MME = 4.65% and MAPE = 1.65%) 
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Beside the examples from utility A, Table 2-3 shows the number of harmonics 

needed to reconstruct a load profile that satisfies the performance indices requirements for 

utility B. From this table, Utility B’s customer class load profile frequency domain 

representations at most need 9 harmonics. These profile reconstruction examples, 

combined with the data presented in Tables 2-1 to 2-3, show that the commercial and 

residential customer class group load profiles in utilities A and B are band-limited, and 

therefore the DFT can be applied to these datasets.  

Table 2-3: Number of Harmonics Needed to Reconstruct the Load Profile for Different Types of Customers in 

Utility B 

Number of 

Harmonics 

Used 

Percentages of Reconstructed Load Profiles with PMEI, MME, MAPE all < 

5% and PTE <= 2 hours 

Commercial Multiple 

Dwelling 

Public 

Building 

Religious 

Entity 
Residential 

Mass 

Transit Large Small 

1 4.2% 0.0% 20.8% 29.2% 0.0% 0.0% 0.0% 

2 45.8% 12.5% 100.0% 95.8% 12.5% 8.3% 0.0% 

3 95.8% 29.2% 100.0% 100.0% 29.2% 16.7% 0.0% 

4 100% 50.0% 100.0% 100.0% 50.0% 33.3% 29.2% 

5 100% 70.8% 100.0% 100.0% 70.8% 75.0% 37.5% 

6 100% 79.2% 100.0% 100.0% 79.2% 87.5% 45.8% 

7 100% 91.7% 100.0% 100.0% 91.7% 91.7% 91.8% 

8 100% 91.7% 100.0% 100.0% 91.7% 100.0% 95.0% 

9 or more 100% 100% 100.0% 100.0% 100.0% 100.0% 100.0% 

Number of 

Customers 
3,871 10,267 64 286 448 14,8107 8 

Potential 

Storage 

Saving 

67.0% 25.0% 92.0% 75.0% 33.0% 33.0% 25.0% 
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2.2.3 Benefits of Representing Load with Frequency Components 

Figures 2-3 to 2-4 show that using a subset of frequency components to reconstruct 

the load profiles does not result in significant loss of accuracy. Table 2-2 and 2-3 

demonstrate that applying similar analyses to the real-world data from utility A and B also 

shows that the higher frequency harmonics act as noise and have negligible effect on the 

load profile. It’s possible to represent the load profile with a more compact frequency 

domain representation using the shape descriptor defined in equation 2.9, where this 

approach is illustrated in table 1 by the shape descriptor column. The frequency domain 

load profile representation can be more robust and more resistant to error/outliers than the 

original time-domain data.  

The shape descriptor has the flexibility not only to represent the daily load profile, 

but also the yearly load profile of a customer class. It just needs to incorporate the necessary 

frequency components from the yearly load profile’s frequency domain representation 

using the procedure introduced earlier in this chapter. This approach has the advantage of 

reducing the load profile data dimensions by only incorporating the major frequency 

components with significant magnitude values, thereby realizing a substantial savings in 

the size of the load data model (Table 2-3). It also has the flexibility to satisfy the need for 

additional accuracy by including more frequency components.  

Each shape descriptor describes the signature of a customer class’s load profile and 

is suited for automated machine processing. For example, the hamming-distance between 

a load profiles’ descriptor strings can be used to quantify the level of differences between 

different load profiles, and naturally can be adopted in load profile classification. Each 

component in the descriptor can be independently analyzed, which can be implemented as 
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sets of parallel processes for more efficient analysis routines. 

“A prerequisite to developing an accurate load-forecasting model is an in-depth 

understanding of the characteristics of the load to be modeled” [33]. The proposed method 

intends to provide an alternative view of the characteristics of load in terms of frequency 

components. One possible use of this approach is to use the frequency components from 

the past to forecast frequency components in the future, and then recombine them using 

IDFT. The robustness of significant harmonics and the orthogonal relationship between is 

beneficial to constructing effective load models.  
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2.3 Load Profile Statistics in Frequency Domain 

The dataset used in this section comes from 3 utilities. It ranges from year 2002 to 

year 2007, and contains almost 1.5 million daily records (24 hourly measurements). The 

work here does not attempt to re-cluster the sample customers. That is, the customer class 

grouping used have been defined by their respective utilities’ load research / customer 

information departments. 

Because of their significance in IDFT reconstruction process, as shown in previous 

chapter, the analysis in this section focuses on the first 3 frequency components of the 

normalized daily load profiles.  

Tables 2-4 and 2-5 present the DC, 1st and 2nd harmonic statistics, which are used 

to evaluate the certainty and consistency of each component’s magnitude and phase. The 

frequency components’ phase angle statistics presented in Table 2-4 to 2-6 and Figure 2-6 

are circular statistics [34]. Normal statistics are not suitable for analyzing phase angle data 

sets.  For example, the average of 5° and 355° is not 180° since both angles point 

approximately in the same direction, and the designation of the high and low values in 

phase angle is arbitrary. 
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Table 2-4: Statistics for the Magnitudes and Phase Angles of the First Three Frequency Components for the 

Residential Customers of Utility B and Utility C 

Utility Month 

Mean 
Coefficient of Variation 

(%) 

Standard 

Deviation 

Peak 

(kW) aDC a1H a2H θ1H θ2H Peak aDC a1H a2H σθ1H σθ2H 

B 

Jan 1.49 0.64 0.18 0.16 1.7 2.29 15% 7% 19% 17% 0.21 0.19 

Feb 1.36 0.64 0.16 0.17 1.63 2.24 16% 6% 15% 13% 0.19 0.2 

Mar 1.37 0.62 0.17 0.17 1.6 2.23 16% 7% 16% 11% 0.19 0.18 

Apr 1.28 0.64 0.16 0.16 1.61 1.99 19% 7% 24% 18% 0.22 0.25 

May 1.2 0.64 0.17 0.15 1.71 2 18% 9% 22% 15% 0.27 0.29 

Jun 1.61 0.67 0.21 0.11 1.75 1.93 32% 9% 27% 35% 0.22 0.39 

Jul 1.99 0.7 0.21 0.07 1.67 1.88 26% 7% 29% 46% 0.31 0.63 

Aug 2.04 0.71 0.2 0.07 1.7 1.78 28% 8% 31% 44% 0.28 0.62 

Sep 1.56 0.67 0.19 0.12 1.71 2.03 21% 9% 25% 30% 0.25 0.33 

Oct 1.6 0.61 0.18 0.16 1.77 2.2 31% 13% 20% 21% 0.23 0.26 

Nov 1.58 0.62 0.22 0.16 1.79 2.23 16% 9% 15% 19% 0.23 0.26 

Dec 1.78 0.61 0.21 0.17 1.77 2.24 18% 8% 14% 20% 0.21 0.24 

C 

Jan 4.1 0.77 0.07 0.14 2.33 2.66 9% 4% 58% 19% 0.61 0.18 

Feb 3.62 0.77 0.07 0.15 2.19 2.55 11% 3% 47% 12% 0.49 0.18 

Mar 3.23 0.74 0.06 0.16 2.79 2.35 13% 5% 60% 13% 1.03 0.16 

Apr 2.64 0.71 0.11 0.15 2.11 2.25 13% 6% 62% 14% 0.74 0.15 

May 2.55 0.68 0.15 0.15 1.91 2.07 15% 6% 36% 12% 0.19 0.12 

Jun 3.04 0.72 0.18 0.14 2.06 1.93 16% 7% 24% 15% 0.2 0.19 

Jul 2.02 0.76 0.21 0.06 2.14 1.52 9% 5% 15% 31% 0.14 0.4 

Aug 3.53 0.74 0.22 0.1 2.1 1.9 15% 4% 24% 16% 0.12 0.17 

Sep 2.65 0.7 0.16 0.14 2.04 2.08 10% 4% 18% 10% 0.1 0.08 

Oct 2.29 0.71 0.12 0.14 1.91 2.13 5% 4% 24% 8% 0.06 0.1 

Nov 2.5 0.71 0.13 0.16 1.72 2.51 7% 4% 28% 13% 0.14 0.13 

Dec 3.26 0.76 0.11 0.14 1.65 2.48 12% 6% 35% 18% 0.3 0.16 
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Table 2-5: Statistics for the Magnitudes and Phase of the First Three Frequency Components for the Large 

Commercial Customers of Utility B and Utility C 

Utility Month 

Mean Coefficient of Variation 
Standard 

Deviation 

Peak 

(kW) aDC a1H a2H θ1H θ2H Peak aDC a1H a2H σθ1H σθ2H 

B 

Jan 1482.5 0.84 0.16 0.03 2.84 1.16 13% 6% 32% 41% 0.14 0.65 

Feb 1452.17 0.84 0.16 0.03 2.87 1.08 10% 5% 29% 34% 0.14 0.54 

Mar 1450.2 0.84 0.17 0.03 2.86 1.02 9% 5% 24% 40% 0.09 0.51 

Apr 1488.27 0.83 0.17 0.02 2.81 0.9 13% 4% 21% 41% 0.08 0.52 

May 1579.53 0.82 0.19 0.02 2.79 0.79 12% 5% 23% 41% 0.11 0.5 

Jun 1797.48 0.81 0.2 0.02 2.82 1.03 10% 4% 16% 39% 0.1 0.61 

Jul 1768.9 0.83 0.18 0.02 2.83 1.32 8% 2% 12% 36% 0.12 0.59 

Aug 1876.85 0.82 0.19 0.02 2.84 1.27 9% 3% 16% 71% 0.25 0.55 

Sep 1712.99 0.81 0.2 0.02 2.8 1.09 11% 4% 19% 36% 0.11 0.55 

Oct 1507.95 0.83 0.18 0.02 2.83 1.03 10% 4% 19% 41% 0.1 0.49 

Nov 1402.67 0.85 0.15 0.02 2.85 1.31 12% 6% 33% 44% 0.31 0.75 

Dec 1399.73 0.86 0.14 0.03 2.84 1.41 10% 5% 30% 44% 0.25 0.54 

C 

Jan 568.01 0.84 0.18 0.05 2.73 1.73 9% 4% 7% 13% 0.05 0.08 

Feb 501.73 0.83 0.18 0.05 2.8 1.61 11% 3% 6% 16% 0.04 0.13 

Mar 547.7 0.82 0.2 0.05 2.74 1.62 14% 5% 5% 14% 0.04 0.11 

Apr 522.53 0.8 0.22 0.05 2.67 1.65 13% 6% 8% 22% 0.05 0.09 

May 533.1 0.79 0.23 0.04 2.65 1.56 15% 6% 7% 17% 0.08 0.39 

Jun 591.8 0.79 0.23 0.04 2.68 1.67 19% 7% 6% 17% 0.07 0.19 

Jul 837.25 0.8 0.23 0.04 2.62 1.76 10% 5% 7% 20% 0.09 0.26 

Aug 699.58 0.79 0.23 0.04 2.7 1.74 16% 4% 7% 17% 0.07 0.22 

Sep 630.49 0.78 0.24 0.04 2.68 1.56 10% 4% 7% 14% 0.07 0.14 

Oct 548.12 0.8 0.22 0.05 2.71 1.61 5% 4% 6% 15% 0.05 0.08 

Nov 540.34 0.81 0.21 0.05 2.73 1.71 8% 4% 9% 15% 0.06 0.12 

Dec 533.66 0.84 0.19 0.05 2.74 1.67 12% 6% 11% 29% 0.11 0.28 
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The followings are the major findings through the statistical analysis of the first 3 

frequency components 

2.3.1 Consistent Harmonic Patterns 

The residential and large commercial classes’ frequency domain statistics in Table 

2-4 and 2-5 show that the relative contribution from the 3 frequency components to the 

overall load profile displays a consistent pattern for the entire year for both utility B and 

C. For example, the DC magnitude for both utility A and B residential customers is around 

0.7; the 1st and 2nd harmonic magnitudes are around 0.2; and the 1st and 2nd harmonic phase 

angles are around 2 radians. 

Such consistency is summarized in Table 2-6 using the mean and the range of the 

frequency components’ value. For example, Utility B residential customer’s 
DCa  ranges 

from 0.61 to 0.71 with mean equal to 0.66. The narrow ranges for the frequency component 

values in table V indicates a high consistency.  

Using the aforementioned descriptor system in equation 2.9 ( 𝑆 =

𝑘_𝛼𝐷𝐶_ (𝛼1𝐻, 𝜃1𝐻)_ (𝛼2𝐻, 𝜃2𝐻)_ … _(𝛼𝑘𝐻, 𝜃𝑘𝐻)   ). Utility B residential classes’ first 3 

frequency components typical pattern can be represented using the mean of the magnitude 

and the phase angles listed in table V as: S = 2_0.7_(0.2, 2)_(0.1, 2), while its commercial 

Table 2-6: Harmonic Pattern for Different Customer Classes 

 Residential Commercial 

Utility B Utility C Utility B Utility C 

aDC 0.66±0.05 0.73±0.05 0.84±0.03 0.81±0.03 

a1H 0.19±0.03 0.14±0.08 0.17±0.03 0.21±0.03 

θ1H 1.70±0.10 2.22±0.57 2.83±0.04 2.71±0.09 

a2H 0.12±0.05 0.11±0.05 0.03±0.01 0.05±0.01 

θ2H 2.04±0.26 2.09±0.57 1.10±0.31 1.66±0.10 
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class can be represented as: S = 2_0.8_(0.2, 3)_(0.03, 1).  

Commercial customers’ frequency component values generally have a narrower 

range than their residential customer counterparts, which makes their load profile patterns 

more consistent than residential customer profiles.   

2.3.2 High Degree of Certainty 

The coefficient of variation COV, is used to evaluate how well the frequency 

domain approach can extract useful information out of data polluted by noise. COV can be 

expressed as equation (2.15): 

𝐶𝑂𝑉 =  𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑛⁄ ×100%             (2.15) 

Customer load profile data collected by meters will be unavoidably tainted by 

various noise/errors.  In the time domain, it is difficult to separate such noise/error 

influences on the COV, which is high across all time points for two different Utility B 

customer class daily load profiles shown in Figure 2-5.  

In the frequency domain, it has been shown in Table 2-4 and 2-5 that the majority 

of the DC component COVs are less than 10% for both types of customer in two utilities. 

COVs for the 1st and 2nd harmonics are larger, but since the magnitudes of these 

components are smaller than DC, the impact of these increased levels of uncertainty is 

correspondingly smaller. The COVs for the first 3 frequency component magnitudes are 

smaller than that of the time-domain data, indicating a higher degree of certainty of the 

information.  

The frequency domain statistics spread the statistical uncertainty across different 
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frequency components. The frequency components with significant magnitude values tend 

to have a lower COV, combined with the fact that the load profiles can be represented with 

the small set of frequency components with significant magnitude values. Due to this, it is 

easier to extract load profile characteristics information from such statistic datasets. 

 

 

 

 

Figure 2-5: Plots of coefficient of variation for the average daily load profiles for two classes of customers of Utility B 
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2.3.3 Similar Patterns for Historical Data at Different Utilities 

In Figure 2-6 the first column shows the multi-year (05-07 for utility A and 02-05 

for utility B) magnitudes and phase comparison charts for the large commercial class load 

profiles’ first three frequency components. The second and third columns show the same 

type of historical data for the residential classes from the same utilities during the same 

time period. Each individual curve represents 12 monthly frequency components’ 

magnitude/phase angle values. 

The charts in Figure 2-6 show that 1) From year to year the harmonics tend to have 

a very similar overall trend in terms of both magnitudes and phase angles, and therefore 

the predictability for such frequency components is high. 2) There exist certain seasonal 

patterns in the harmonic components. For example, the residential customer class’s 1st 

harmonics magnitude has a higher value than the 2nd harmonic magnitude during the 

summer (June to September); otherwise, these two harmonic magnitudes are much alike 

during the other seasons.  

During the summer season the residential class’s 2nd harmonic phase angles are 

smaller than the 1st harmonic phase angles. The 2nd harmonic phase angle tends to be 

consistent throughout the year, while 1st harmonic phase angle tends to rise up during the 

winter (December to March). The consistency of the 2nd harmonic’s phase angle seems to 

correlate with the consistency of the typical household activity (residential customer 

consistently has a higher usage during the morning and evening hours). 

These observations indicate the potential to use the historical load profile frequency 

domain characterization statistics to forecast the future load profile’s frequency domain 
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representation, and to reconstruct its time domain load profile using the forecasted 

frequency components.  

 

 

 

 

Figure 2-6: Utility A, B residential & large commercial customer class multi-year monthly harmonics comparison 
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2.4 Summary 

This chapter has accomplished the following: First, it has formalized the 

methodology for characterizing and analyzing load profiles in the frequency domain using 

the DFT. It has shown that the customer class load profile data satisfies two important but 

often overlooked prerequisite conditions for such applications: 1) the hourly sampling rate 

is adequate to represent the aggregated customer class group load profile; 2) the group load 

profile is band-limited. Using real customer load data from three different utilities, it has 

been demonstrated that the time domain load profile data can be transformed to the 

frequency domain as a set of independent frequency components.  

Second, this chapter has demonstrated that the different customer classes’ load 

profiles can be represented with a small set of frequency components (the highest 

magnitude set) without sacrificing major load profile characteristics. Section II showed that 

the customer class load profiles from 3 utilities can be accurately reconstructed using only 

frequency components while satisfying the requirements specified.  

Third, this chapter proposed that load profiles can be described using the shape 

descriptor presented in section II. The descriptor is compact (includes only a small subset 

of all frequency components) and flexible (can incorporate more or less components as 

needed). Each component in the string can be independently analyzed. This shape 

descriptor string is well suited for automated machine processing and analysis.  

And last, this chapter presents several findings from analyzing the frequency 

domain statistics from monthly customer class load profiles for three utilities, which 

include: 1) consistent frequency component patterns in both residential and commercial 

customer classes for different years. Such evidential predictability of frequency 
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components of group load profile can potentially be used in load forecasting in the 

frequency domain; 2) low uncertainty among frequency components with high magnitude; 

3) similar customer classes from different utilities possesses similar annual frequency 

domain component patterns.  

In this chapter the load profile data for different customer classes do not represent 

any typical load profile (TLP).  Although the proposed approach can be applied to 

characterize and analyze TLPs after they have been developed, further research is needed 

to determine how the proposed approach can be applied in the development of TLPs. 
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Chapter 3: Hierarchical Classification of 

Load Profiles Based on Their 

Characteristic Attributes in Frequency 

Domain 

Utilities generally group their customers into residential, commercial and industrial 

classes, and respective subclasses.  There is no systematic framework that is used by 

utilities to automatically characterize different classes and subclasses based on their load 

profile pattern characteristics. The work presented in this chapter attempts to formulate the 

theoretical framework for customer classification based on their frequency domain 

characteristic attributes. 

The goal of load profile classification is to find a model for predicting values of 

customer class variables from predictor variables. Conventionally, the predictor variables 

in load profile classifications are based on the load profile’s time domain representation. 

This is often done using a Typical Load Profile (TLP) within a time window (daily, 

monthly…). Recent research suggests describing the load profile characteristics using time 

domain parameters, such as Base Load, Peak Load, Rise Time, Fall Time, and High-Load 

Duration [1]. 

After establishing the time domain predictor variables, various models, such as 

linear discriminant analysis, nearest neighbor classification, k-means, fuzzy-statistic, 

neural network and support vector machines [1-2,18-23], are used to classify load profiles.  

In Figure 1-4, there are two normalized annual hourly load profile samples 

(residential and commercial) and two magnified portions of the residential profile (one in 
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Feb, one in July). It is difficult to use aforementioned classification methods to classify 

such large, complex, load behavior, which requires a large number of predictor variables 

to model. 

In order to classify load profiles based on their annual load profile pattern 

characteristics, a hierarchical classification method based on the load profiles’ 

Characteristic Attributes in the Frequency Domain (CAFD), is investigated here. Using the 

annual load data as the starting point, the proposed method can identify the CAFD-based 

signatures for different classes and subclasses of load profiles by using the steps outlined 

in Figure 3-1. 

While the work presented in this chapter is built upon the work discussed in chapter 

2 [10], the two chapters are significantly different. The work in chapter 2 shows the benefits 

of using frequency domain descriptors to characterize and analyze load profiles. However, 

 

Figure 3-1: CAFD-Based Classification Method 
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different customer classes can be characterized by frequency domain descriptors that have 

the same members, but some or all of the members exist in different proportions. The work 

presented in this chapter demonstrates how to extract a load profile’s CAFDs from the 

descriptors, and how to use these CAFDs to formulate a hierarchy of load profiles that can 

be used as a systematic framework for customer load classification. As illustrated shortly, 

some of the CAFDs are derived from the descriptors, but are not descriptors. As signatures 

for customer classes and subclasses, the CAFDs are obtained by using a data mining 

method called CART (Classification and Regression Tree) [35]. The input predictor 

variables are obtained from the analyses of the frequency domain descriptors.  

While the work presented in chapter 2 is based on daily load data, the work 

presented in this chapter is based on annual load profiles, which is more difficult to 

characterize.  The work presented in chapter 2 represents Step I to Step II in Figure 3-1, 

while the work presented in this chapter covers from Step II to Step V.  The results 

presented in chapter 2 do not demonstrate any hierarchical structure, but the work presented 

in this chapter demonstrates hierarchy in both the method (Section III.2) and the results 

(Section III.3).  

The proposed classification framework could serve as the foundation of a standard 

and universal load classification system. This hierarchical classification method using the 

concepts of CAFD and CART. And such method can classify all the load profiles to its 

respective place in the CAFD-based classification hierarchy. The research result will 

demonstrate that the CAFD-based signatures can be used as the definition for different load 

profile classes and subclasses that correspond well with real-life load profiles. 
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3.1 Hierarchical Classification Tree  

The classification tool used in this work is based on the CART concept developed 

by Breiman, et al [36]. There are many applications for CART in a lot of different fields. 

For example, some researchers used it to classify the housing prices using 

environmental/social factors (Boston Housing data [37]). In the medical field, researchers 

use it to classify whether a disease has progressed based on various factors [38]. 

For classification, CART constructs a categorical predication model from a finite 

number of unordered input variables. CART approximates the parameter space by a 

piecewise constant function. CART will first split the entire data set using a predictor 

variable condition that produces the smallest impurity score. This recursive partitioning 

process (the next split only happens in the parent’s data space) will continue until the leaf 

nodes contain the minimum number of samples or are all homogeneous.  

Each partition step must be performed in a hierarchical order and must apply locally 

within the boundary of a previous partitioned space, as a recursive greedy algorithm should, 

so that the partitioned spaces are disjointed, with no overlap. The order of condition in the 

hierarchical classification rules indicate their significant ranking in the classification 

process: the condition used in the root, node 1, has the most significant impact on 

classifying the data. 

The final number of leaf nodes (classes) can be controlled by experimenting with 

different values of the complexity parameter (CP, a tuning parameter: 0 means full model 

and ∞ means no split). When CP=0, which has the least impurity requirement for each split, 

this setting will produce a tree with the largest number of leaf nodes with homogenous 

characteristic attributes. By experimenting with a larger CP value (less restriction on the 
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purity of each split), the classification tree can be pruned back to have fewer, less 

homogenous leaf nodes/classes. The statistical package, rpart [38] was used in this work 

to construct the classification tree and extract the classification rules for the annual load 

profiles. 

3.2 Load Profile Characteristic Attributes in the Frequency Domain 

653 annual hourly load profile data (recorded at different years for different types 

of customers) were collected from 5 utilities’ websites [39-43]. In order to capture the load 

profile periodical pattern characteristics, all annual hourly load profiles used in this paper 

need to be placed in a fixed time window, which is defined by the day of the week 

(consistent and periodical) for 51 consecutive weeks. The first time point in the 51-week 

window is set to 12 am of the 1st Monday of the year. The last time point is set to 11 pm 

of the 51st Sunday of the year. 

After the DFT transformation of the time-domain load profiles (stage I), the major 

frequency domain components are identified to form the Frequency Domain Load Profile 

Descriptor [10] (S at stage II), which is introduced in chapter I..  

   1 1
 {   ,  , , ,  } (3. ), 1

DC H H kH kH
S        

where dca and kHa  represent the magnitudes of DC and the kth harmonic 

respectively 

 θkH is the phase angle of the kth harmonics 

Among the many characteristic attributes in the annual hourly load profiles, the 

daily, weekly and seasonal periodical pattern attributes are the primary focus of the 

classification process used here. Such load profile characteristics are naturally related to 
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some of the modular and orthogonal frequency domain components illustrated in Table 3-

1. The characteristics and their related frequency components normally have the similar 

period. The DC component represents the average of the whole profile, which is similar to 

load factor in value [27]. Even though the DC component does not relate to any periodical 

pattern in the time domain, its value does impact every harmonic magnitude value because 

it normally has the largest magnitude value among all load profile harmonics.  

Not all major frequency components in S can serve as predictor variables in a 

classification tree because each S’ member only represent one periodical component in the 

load profile. Individually, each member will not be able to represent some complex load 

profile characteristic attributes of interest. For example, the periodical load drop between 

weekdays and weekends, will require combination of a number of frequency components 

in S to model.  

The shortcomings of S lead to the development of a hierarchical load profile 

classification method. The major steps of this method are presented in Figure 3-1. Based 

on preliminary analysis results, the following major harmonics are proposed to be used as 

the Attributes in the Frequency Domain, AFD, 

Table 3-1: Common Load profile patterns 

Harmonic Index Period (Hours) Pattern Type 

DC   Constant 

357 24 Daily Pattern 

714 12 Twice-a-Day Pattern 

51 168 Weekly Pattern 

1 8568 Annual Pattern 

2 4284 Twice-a-Year Pattern 

3 2856 Thrice-a-Year Pattern 

 



 - 53 - 

1 15 1 1 2 2 3 3 51 51 102 102

357 357 714 714

,

                         

  , , ,

,    , }                                 (3.2)

{ ,  ,  ,  ,  , 

,  ,

,

 

H H H H H H H H H H

H H H

C

H

DAFD           

   

   

 

The 15 harmonics of the AFD are not capable of modeling some of the complex 

characteristics of load profiles, such as daily double peaks and/or differences in weekday 

and weekend patterns.  To incorporate such complex characteristics, two new attributes to 

be incorporated into the AFD are now introduced. The first proposed attribute is designed 

to distinguish commercial and residential load profiles which have the following 

characteristics. 

1) Residential double-peak daily pattern vs. commercial single-peak daily pattern. 

2) The residential daily load pattern is more consistent, while the commercial load 

profile has a load drop/rise pattern between weekdays and weekends.  

In order to captures the essence of these two characteristics. The following new attribute 

is used to supplement the load profile characteristic modeling in the AFD  

16 714 51 (3.3)H HAFD a a  

For residential load profiles with significant double-peak daily patterns (large 

α714H) and no weekday-weekend pattern (small α51H), its AFD16 will have a higher value 

than its commercial counterpart’s AFD16 because the commercial customer has a large 

difference between the weekday-weekend patterns and no double-daily pattern.  
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This attribute is presented as a box-plot in Figure 3-2. For commercial load profiles, 

AFD16 has a very small and consistent distribution. For residential load profile, AFD16 has 

a significantly higher value and a wider variation. There is a significant separation between 

the residential and the commercial classes for their AFD16 values. It will be beneficial to 

include AFD16 to construct the classification tree.  

The second AFD is proposed to model the common load-drop pattern that occurs 

between weekdays and weekends in commercial load profiles. This characteristic is related 

to the magnitude of the weekly harmonic component, α51H , and the magnitude of the daily 

harmonic component, α357H. The following attribute AFD17 is used to model this 

characteristic: 

17 357 51 (3.4)H HAFD a a  

 

Figure 3-2: 
714 51H H

a a  Box Plot 
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For example, the large commercial load profiles normally have a consistent daily 

pattern and not much load drop between the weekday and weekend load, which leads to 

the AFD17 value being close to 1. For commercial load profiles that have a higher weekday 

load level than the weekend load level (high α357H and low α51H), their AFD17 value will be 

larger than 1. In Figure 3-3 there is a clear separation between the large commercial and 

other commercial classes’ AFD17 distribution, which indicates that this attribute is a good 

classification input parameter to classify large commercial and other types of commercial 

load profiles.  

These 17 AFDs can be used to describe the aforementioned load profile 

characteristics. Traditional statistical methods are poorly suited for comparing such large 

numbers of variables in a classification process [35]. On the other hand, the proposed 

classification method constructs a hierarchical classification tree to identify load classes 

with homogenous characteristics. Each class signature can be defined by a set of CAFDs. 

 

Figure 3-3: 357 51H H
a a

 Box Plot 
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For example, the residential load profile in Figure 1-4 can be defined by the two CAFDs 

in stage IV of Figure 3-1. The load profile’s CAFD-based signature is presented in stage 

V.  This type of signature is easy to process by both human and machine [44].  
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3.3 Classification Procedure 

After processing the annual load profile data into 51-week load profiles, the 

following procedures were implemented to construct the hierarchical classification trees in 

the frequency domain:  

1) Transform the 51-week, normalized hourly load profile data into its 

frequency domain representation, an 8568-point DFT. 

2) Identify the periodic patterns in the load profile and their related harmonics 

and frequency domain attributes. 

3) Construct a classification tree using identified frequency domain attributes 

as predictor variables. Experiment with different CP values to fine-tune the number of final 

terminal leaves (classes) of the tree.  

4) Summarize classification rules of the leaf node on the classification tree as 

CAFD, which will serve as the definition of load profile classes for classification. 

5) Each terminal leave can be further divided into a set of subclasses using 

steps 1-4, depending on the expectation of the classification (such as the different targeted 

characteristic attributes). This will construct a multi-level hierarchical classification tree 

for classifying different load profile classes and their respective subclasses. 

Figure 3-4 is the two-level hierarchical classification tree constructed with AFD1-17 

as the predictor input variables. The level 1 portion of tree is used to classify commercial 

and residential types of load profiles. The level 2 portion is used to further classify the 

commercial load profiles (CAT I.1) into several more homogenous sub-classes. 
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Figure 3-4: Hierarchical Classification Tree 
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3.4 Hierarchical Frequency Domain Load Profile Classification  

There is no established way to label load profile classes based on their characteristic 

attributes. In this thesis, the load profile classes are labeled hierarchically by roman 

numerals and numerical indexes. Roman numerals are used to represent the partitioned root 

level data spaces. The dot notation is used to signify the hierarchical relationship, where 

each dot indicates one more data space partitioning operation and adds one more CAFD.  

In Figure 3-4 the number at each node represents the number of load profiles that 

satisfy the conditional path from the root. The left branch of each internal node represents 

the TRUE path from evaluating if each load profile at current node satisfies the CAFD 

(displayed on the top of each internal node), while the right branch represents the FALSE 

path.  

The level 1 portion of the classification tree has at most 3 load profile classes 

(terminal leaves) when CP=0.0. The rpart software produces a table that lists the CP value 

for each possible branch pruning, which suggests that if CP is relaxed to 0.05, the CAT I.1, 

CAT I.2 in the box can be pruned back into one category as CAT I. After evaluating the 

purity level at each split for all 16 input variables, the classification tree at level 1 has 

identified 2 CAFDs, (
102( 4.048)H  and

714 51( 2.822)H Ha a  ), that can be used to specify the 

boundary conditions for the 3 parameter spaces with the highest purity score.  

Figure 3-5 illustrates how the 653 load profile data space is partitioned by these two 

CAFDs at level 1 of the classification tree. The first partitioning operation occurs along the 

102 4.048H  reference line (thick dashed line). 
1 102( 4.048)HCAFD   is the most important 

CAFD in this partition process because it is the first CAFD chosen by the CART and carves 

out the largest data space with high purity. The CART then chooses AFD16 (used to 
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describe the double-peak pattern) to partition CAT I data space along the 
714 51 2.822H Ha a 

reference line t. It divides CAT I’s data space into CAT I.2 and CAT I.1 data spaces. The 

commercial load profile’s data space (CAT I) is quite compact because the commercial 

type of load profiles’ load patterns is more consistent. Residential load profiles have more 

variations in term of their pattern characteristics, which leads to a broader data space.  

The level 2 of the classification tree in Figure 3-4 will further divide the load 

profiles in CAT I.1 into several subclasses. The subclasses will all inherit CAT I as prefix 

to indicate that level 2 load profiles are finer partitioned space inside CAT I.1’s data space. 

This portion of the classification tree has 7 classes listed in Table 3-3 (page 67) when the 

 
Figure 3-5: Partition of the feasible space created by 102 and 714H /51H 

 



 - 61 - 

CP=0.0. When using rpart suggested next pruning value CP=0.02, CAT I.1.1.1.1, CAT 

I.1.1.1.2.1 and CAT I.1.1.1.2.2 will be pruned back into CAT I.1.1.1 as node 4 at the level 

2 of the classification tree. 

This classification tree has identified 6 CAFDs based on four predictor variables:

357 51 51 1, ,  and H H H Ha a a DC . Each variable represents a load characteristic attribute. The 

357 51H Ha a can be used to describe the weekday weekend load relationship. The
51Ha can be 

used to describe the weekly pattern. The 
1H  is related to the seasonal pattern and DC is 

related to the load factor of the load profile.  

At level 2 of the classification tree, 
17 357 51( 0.890)H HCAFD a a   is the most important 

condition used by the tree to partition the CAT I.1 data space. The load profiles in node 2 

have smaller CAFD17 values than the load profiles in node 3, Comparing with load profiles 

in node 3, the load profiles in node 2 have more dominant daily pattern than the weekend-

load-drop pattern. 

Figure 3-6 presents the CAFD-base signatures for all the classes in Figure 3-4. The 

CAFD-based signature is a joined set of the CAFDs along the path from the root to each 

class (leaf) node. The symbol represents the Conjunction (AND operation) and the

symbol represents the Negation (NOT operation). For example, the CAT I.1’s signature 

can be defined as
1 2CAFD CAFD . The CAT I.1.1.1 can be defined as 

1 2 3 4CAFD CAFD CAFD CAFD   because it’s a subset of CAT I.1 and naturally inherits its 

CAFD-based signature:
1 2CAFD CAFD .  

This notation is significant because it not only defines the load profile using general 

quantitated parameters but also defines the relationship between different load classes. 
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From CAT I.1.1.1’s definition, it can be interpreted that this load profile class not only 

inherits the CAT I.1’s characteristic attributes but also contains two additional attributes 

that set it apart from the other classes in CAT I.1.  

One potential application for this signature is to encode it as XML (Extensible 

Markup Language, an open standard that has been widely adapted for data exchange in 

many industries [45]) document. It will provide a standard and efficient way for different 

systems/utilities to exchange the load profile class definitions. For example, the CAT I.1’s 

definition in Figure 3-1 can be formatted as the XML document shown in Figure 3-7. The 

CAFD 

CAFD1 :  θ51H≥4.048 CAFD5 :  θ1H<3.381 

CAFD2 :  α714H/α51H<2.822 CAFD6 :  α357H/α51H≥1.694 

CAFD3 :  α357H/α51H≥0.890 CAFD7 :  α357H/α51H≥1.591 

CAFD4 :  α51H<0.097 CAFD8 :  DC<0.657 

 

Load Class CAFD-based Signature 

CAT I CAFD1 

CAT I.1 CAFD1˄CAFD2 

CAT I.1.1 CAFD1˄CAFD2˄CAFD3 

CAT I.1.1.1 CAFD1˄CAFD2˄CAFD3˄CAFD4 

CAT I.1.1.1.1 CAFD1˄CAFD2˄CAFD3˄CAFD4 ˄CAFD5 

CAT I.1.1.1.2 CAFD1˄CAFD2˄CAFD3˄CAFD4 ˄¬CAFD5 

CAT I.1.1.1.2.1 CAFD1˄CAFD2˄CAFD3˄CAFD4 ˄¬CAFD5 ˄CAFD6 

CAT I.1.1.1.2.2 CAFD1˄CAFD2˄CAFD3˄CAFD4 ˄¬CAFD5 ˄¬CAFD6 

CAT I.1.1.2 CAFD1˄CAFD2˄CAFD3˄¬CAFD4 

CAT I.1.1.2.1 CAFD1˄CAFD2˄CAFD3˄¬CAFD4 ˄CAFD7 

CAT I.1.1.2.2 CAFD1˄CAFD2˄CAFD3˄¬CAFD4 ˄¬CAFD7 

CAT I.1.2 CAFD1˄CAFD2˄¬CAFD3 

CAT I.1.2.1 CAFD1˄CAFD2˄¬CAFD3 ˄CAFD8 

CAT I.1.2.2 CAFD1˄CAFD2˄¬CAFD3 ˄¬CAFD8 

CAT I.2 CAFD1˄¬CAFD2 

CAT II ¬CAFD1 

Figure 3-6: CAFD-Based Signatures 
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nested formation of CAFD nodes (inside <ClassDefinition> node) naturally reflects the 

hierarchical structure of CAFD-based signature. This type of signature can form a key to 

index each load class, therefore making it possible to build a load profile database with 

searchable keys based on CAFD-based signatures. 

  

<?xml version="1.0"?> 

<LoadClass> 

  <Name>CATI.1</Name> 

  <AFDSet> 

<AFD Name="CAFD1" Definition="Phase102"/> 

<AFD Name="CAFD2" Definition="Mag714H/Mag51H"/> 

  </AFDSet> 

  <ClassDefinition> 

    <CAFD AFDName="CAFD1" Operator=">=" Value=4.048> 

      <CAFD AFDName="CAFD2" Operator="<" Value=2.822/> 

    </CAFD> 

  </ClassDefinition> 

</LoadClass> 

</xml>  

Figure 3-7: XML document for CAFD-based Signature 
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3.5 Comparison between Frequency Domain Hierarchical Load Profile 

Classification and Utilities’ Current Practices  

The CAFD-based load profile classes are compared with the conventional utility 

load profile classes in Table 3-2 and 3-2. Classes in Table 3-1 are from level 1 of the 

classification tree and classes in Table 3-2 are from level 2.  

Table 3-2 shows that the CAT I.1’s load profiles can all be mapped to the 

commercial type of load classes defined by 5 different utilities (highlighted by green). The 

CAT I.2 and CAT II’s load profiles are all mapped to residential type of load profiles by 5 

utilities (highlighted by yellow).  

There are several important observations from Table 3-2:  

Chapter 1: Much commonality exists between different utilities classification: CAT I.1 

have commercial load profiles from 5 different utilities.  

Chapter 2: There is more variation among residential classes from different utilities. 

Some load profiles from same load class by utilities are assigned with different 

CAFD-based signatures: such as RESLOWR from ERCOT is assigned to CAT I.2 

and CAT II. 

Chapter 3: CAT I.2’s load profiles are defined as residential by utilities, even though it 

shares the same CAFD1 with CAT I.1, whose members are all commercial classes. 

It indicates certain residential classes’ load profiles share some similar patterns with 

other utilities’ commercial class load profiles. In the end, the most pronounced 

residential load pattern (double peak) modeled by CAFD2 is identified and the load 

profiles are assigned to the right class.  
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The conventional utility classification methods don not utilize the load profiles’ 

frequency domain pattern characteristics. As shown in the comparison between CAFD-

based classes and the utilities’ classes, the conventional method can assign many load 

profiles with similar pattern characteristics into different classes. They may also assign the 

load profiles with different pattern characteristics into one class.  

Table 3-2: Comparison of CAFD-based classes and Utility Commercial & Residential Load Classes 

CP Value 

Utility Load Class Utility 0.05 0 

Load Class 

CAT I 

CAT I.1 

A1             PGE 

A10            PGE 

A6             PGE 

BUSHILF ERCOT 

BUSIDRRQ ERCOT 

BUSLOLF ERCOT 

BUSMEDLF ERCOT 

BUSNODEM ERCOT 

GLP            PSEG 

LPL            PSEG 

GS-1           SCE 

GS-2           SCE 

SC2DEM         NG 

SC2ND NG 

CAT I.2 

RESLOWR ERCOT 

RHS            PSEG 

RLM            PSEG 

SC1C NG 

CAT II 

DOM-S/M        SCE 

E1             PGE 

E7             PGE 

RESHIWR ERCOT 

RESLOWR ERCOT 

RHS            PSEG 

RLM            PSEG 

RS             PSEG 

SC1C           NG 

SC1STD         NG 

Commercial Residential 
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Comparing with the more pronounced characteristic attributes variation between 

the commercial and the residential load profiles at level 1 of the classification tree, the load 

pattern differences among commercial load profiles are subtle as it requires more CAFDs 

to define the boundaries for these more closely resembled load profiles.  

4 CAFDs are used in level 2 of the classification tree to define the categories’ 

parameter spaces. The first CAFD, 
357 513 ( 0.89)

H H
CAFD a a  divides the CAT I.1 load profiles 

into the following two groups:  

Group 1: The CAT I.1.1 and CAT I.1.2 all have
3CAFD . The CAFD’s high value 

indicates the CAT I.1.1-2 load profiles have more consistent weekly pattern, less variation 

between weekday and weekend load.  

Group 2: The CAT I.1.2.1 and CAT I.1.2.2’s load profiles share a common
3CAFD , 

which indicates a larger difference between their weekend and weekday usage. The load 

profiles in CAT I.1.2.2 (BUSIDRRQ: large commercial by ERCOT definition [35]) are 

less dynamic than CAT I.1.2.1 because of their higher DC values in 
8CAFD , which also 

indicates that the CAT I.1.2.2 load profiles’ overall patterns are more consistent than the 

CAT I.1.2.1 load profiles (resembling more the traditional large commercial load profile 

pattern). 

There are percentages associated with each load class in Table 3-3. It represents the 

percentage of the utility load class’ samples belonging to the mapped CAFD-based class. 

Table 3-3 shows that the largest sub-category CAT I.1.1.1.1 is defined as 

3 4 5CAFD CAFD CAFD  which consists of load profiles from 4 utilities: 2 utilities’ general 

commercial load profiles satisfy this rule 100%. The other 2 utilities’ general commercial 

also show relatively high matching rate (the lowest is 71%).  
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BUSHILF (average monthly load factor > 0.6), BUSMEDLF (average monthly 

load factor between 0.4 and 0.6) and BUSLOLF (average monthly load factor < 0.4) load 

profiles from ERCOT are classified as CAT I.1.1.1.1. Their load factor value is very similar 

to the DC component in frequency domain which normally has the largest magnitude value. 

DC’s large magnitude value doesn’t mean DC by default is the most important predictor. 

CART evaluates all AFD input parameters equally and identifies AFD17 and AFD8 are 

more effective than DC in partitioning the CAT I.1’s data space into disjoint spaces with 

highest purity. These 3 ERCOT classes are similarity in term of these AFDs and therefore 

are assigned to the same class.  

The CAT I.1.1.1.2.1 is defined as 
3 4 5 6CAFD CAFD CAFD CAFD   which has same 

first 2 CAFDs as CAT I.1.1.1. The CAT I.1.1.1.2.2 has same first 3 CAFDs in its definition 

Table 3-3: Comparison of CAFD-based Classes and Utility Commercial Load Classes 

CP Value 
Utility Load Class Utility 

0.02 0.00 

CAT I.1.1.1  

CAT I.1.1.1.1 

A1                     100% PGE 

A10                   100% PGE 

A6                     100% PGE 

BUSHILF         100% ERCOT 

BUSLOLF        100% ERCOT 

BUSMEDLF    100% ERCOT 

BUSNODEM     92% ERCOT 

GLP                  100% PSEG 

GS-1                 100% SEC 

GS-2                 100% SEC 

SC2DEM           71% NG 

CAT I.1.1.1.2.1 
SC2DEM           29% NG 

SC2ND               71% NG 

CAT I.1.1.1.2.2 LPL                    25% PSEG 

CAT I.1.1.2.1 SC2ND               29% NG 

CAT I.1.1.2.2 LPL                    75% PSEG 

CAT I.1.2.1 BUSNODEM       8% ERCOT 

CAT I.1.2.2 BUSIDRRQ     100% ERCOT 

Commercial Large Commercial 
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as CAT I.1.1.1.2.1, with a different 
6CAFD  term. 

6 'CAFD s phase angle value is related to 

the position of annual peak in time domain. 

The CAT I.1.1.2.2 is another category that consists of load profiles from a utility 

(PSEG) classified large commercial class. These two sets of load profiles both are labeled 

as large commercial types by their utilities while CAFD classification puts them in different 

categories. This example shows the ambiguity of the current practice of load profile 

classification: the large commercial load profiles from different utilities don’t necessarily 

share the same characteristic attributes.  

In Table 3-3, 12 LPL load profiles are divided into CAT I.1.1.1.2.2 (3 LPL load 

profiles with 25% probability) and CAT I.1.2.1 (9 LPL load profiles with 75% probability). 

Both categories share the highest ranked hierarchical CAFD condition A. Their differences 

start at the node 2 with B condition, which is the phase angle of 51st harmonic that is related 

to the weekly pattern timing.  

The lack of a universal load profile classification methods can lead to inconsistent 

load class definition across different utilities. The examples show that LPL load profiles’ 

weekly pattern may vary from year to year. It should not be assumed that the load profiles 

from a sampling group will have same characteristics year after year. It also shows that the 

LPL from PSEG doesn’t have the consistency of BUSIDRRQ from ERCOT in term of 

their CAFDs. 
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3.6 Load Profile Classification 

A load profile classification test has been developed based on the proposed 

approach. This test extracts 7 sets of AFD1-17 from 7 new annual load profiles [46] (not 

from the original 5 utilities’ 653 load profiles). These load profile’s AFD sets are then fed 

into the decision tree in Figure 3-7 to be classified using CAFD signatures. 

As shown in Table 3-4, every profile successfully finds its respective place in the 

CAFD-based classification hierarchy by matching their AFD component values to each 

class’s CAFD signature. The RES load profile is classified as CAT II residential class. All 

6 GS load profiles are part of the CAT I.1 commercial class hierarchy: the GS1 profile is 

classified as a CAT I.1.2.1. The GS2 to GS3 profiles share similar CAFD signature and are 

classified as CAT I.1.1.2.1. The GS4 profile is classified as CAT I.1.2.2 large commercial 

subclass.  

The efficacy of the proposed approach has been established by the success of this 

test. This is significant improvement over current practices that provide mostly qualitative 

labeling. 

Table 3-4: Load Profile Classification Test 

Load Class AEP ERCOT NG PSEG PGE SCE 

I.1.2.1 GS1 BUSNODEM     

I.1.1.2.1 GS2O  SC2ND    

I.1.1.2.1 GS2U  SC2ND    

I.1.1.2.1 GS3O  SC2ND    

I.1.1.2.1 GS3U  SC2ND    

I.1.2.2 GS4 BUSIDRRQ     

II RES 
RESHIWR 

RESLOWWR 
SC1C 

RHS, RS 

RLM 

E1 

E7 
DOM 

Residential Commercial Large Commercial 

 



 - 70 - 

3.7 Summary 

This chapter has accomplished the following: First, the concept of CAFD for load 

profile is introduced. The CAFD used in classification process can elegantly describe the 

load profile’s characteristics. It has the potential to improve knowledge sharing among 

different entities since now a load profile can be described in a standard, modular, coherent 

and portable format that is independent from each utility’s load class terminologies. 

Using the hierarchical classification tree with CAFDs can efficiently and 

effectively classify the long and complex annual load profiles from different utilities. The 

hierarchical classification tree is presented to show that this classification method is very 

efficient and effective. As shown in Figure 3-4 and Table 3-2, two CAFD 
102( 4.048)H 

and
714 51( 2.822)H Ha a   can separate commercial from residential load profiles. In Figure 3-

4 and Table 3-3, it shows that two CAFDs
357 51( 0.89) and ( 0.657)H Ha a DC   can separate 

large commercial from other commercial load profiles.  

Second, the proposed approach introduces an innovative way to classify load 

profiles. This approach is universal applicable to all utilities’ load profiles because it 

utilizes a set of universal components (AFDs) that are directly derived from the profile 

data. New incoming annual load profile can be successfully classified into one of the 

identified load classes by matching its AFD component values to the load classes’ CAFD 

signatures.  

Third, using the proposed approach, each load class can be characterized by a 

CAFD-based signature. Taken together, the quantitative information contained in these 

signatures could deepen the understanding of load profiles and may lead to the 

development of new approaches in demand-side management and demand response. 
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Fourth, the CAFD-based signature can be easily interpreted to show the differences 

or the similarities in load profiles’ characteristic attributes among different class. It can be 

coded as a self-describing XML document that is both human and machine readable. Such 

load profile XML document can be easily exchanged through internet and efficiently 

processed using standard software tools.   

Fifth, this chapter has shown that the current utility classification is not precise, and 

is limited to a small number of characteristic attributes of the load profile patterns in time 

domain. On the other hand, the hierarchical CAFD classification process can precisely 

target the characteristic attributes that each user wants to focus on. The number of 

characteristic attributes is scalable and can incorporate a large number of CAFDs 

depending on the goal of the classification. 

At last, this classification method is a systematic and efficient way to classify load 

profiles. It has high adaptability potential because the CAFD classification rule is easy for 

human and machine to interpret and well suited for automation. With additional research, 

this method has the potential to be used to construct a universal comprehensive CAFD-

based load profile database that can be used to study load profiles from all sources. 
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Chapter 4: Wavelet based Load Model for 

AMI Data 

After introducing the framework of frequency domain load modeling and 

classification, this part of the thesis will focus on estimating and forecasting the daily and 

annual load profiles.  

As more and more AMI data comes on-line, utilities are accumulating tremendous 

amounts of load profile data. Power flow analysis, as well as many other power system 

analysis applications, can benefit from the load data collected from Advanced Metering 

Infrastructure (AMI). Planning, forecasting, automated customer type identification and 

classification, real-time analysis, and even real-time control can benefit from AMI load 

data or information derived from AMI load data.  

Some previous efforts in using customer load measurements in power system 

analysis have used load research statistics to generate 8760 hourly statistical load models 

for classes of customers [47]. The AMI implementation gives a utility the ability to collect 

load data from each customer every 15 to 60 minutes. Thus, each customer can have 8,760 

to 35,040 time-stamped load measurements annually. For a small circuit with 100 

customers, an annual AMI load data table in a database can contain from 876,000 hourly 

load data rows to 3,540,000 rows. 

The sheer size of the AMI load data makes the direct AMI data integration 

somewhat impractical for large scale system analysis. For example, using double precision 

numbers a utility with 1 million customers would require 1,000,000 × 8 bytes × 8,760 

hours/year ≈ 65G bytes of RAM to store the annual hourly AMI load data in memory.  
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There is a need for load models that have the following characteristics: 1) the load 

model can be used in the field without network connections, 2) the load model needs to be 

compact so that it will fit into laptops commonly used in the field, and 3) the load model 

needs to be efficient and in-memory because of time constrains of some analysis, where 

querying the AMI data warehouse constantly is impractical. 

Currently there is lack of efficient, and compact AMI hourly load models that can 

be integrated with a large-scale system model in computer memory and used in analysis 

such as a power flow time-series analysis. The work here focuses on developing such load 

models using wavelet technology.  

The first load model considered in the work here is the wavelet load model, which 

uses the Discrete Wavelet Transformation (DWT) [49] to transform the original load 

profile from the time domain to the wavelet domain. With the wavelet load model, each 

individual customer’s AMI data is compressed, and load models are maintained for each 

individual customer.  

The second load model considered here is the classified wavelet load model. With 

the classified wavelet model a single load model is used for many customers that exhibit 

similar load behavior. With wavelet based load models, the determination of which class a 

given customer should be assigned to, based on having similar time varying behavior, can 

be automated. 

Conventionally, load profile classification is based on the load profile’s time 

domain representation [2] or frequency domain descriptors [27].  Time domain parameters 

used to describe load profile characteristics include Base Load, Peak Load, Rise Time, Fall 

Time, and High-Load Duration. After a set of variables is established to describe load 
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profiles, various models, such as linear discriminant analysis, nearest neighbor 

classification, k-means, fuzzy-statistics, neural networks, and support vector machines are 

used to classify load profiles [18-23, 35]. 

A major challenge in classifying load profiles is that AMI load data for an 

individual customer may contain extreme data changes, such as the load stepping to zero 

due to a missed reading in the AMI system.  Sometimes these extreme changes are errors, 

but not always. Figure 4-1 illustrates representative AMI hourly load samples for a 

commercial customer. The aforementioned classification methods, where relatively small 

variable sets are employed, have trouble in accurately capturing the pattern characteristics 

of Figure 4-1. 

In order to better visualize load profile pattern characteristics, a 2 dimensional, or 

2D, wavelet load profile representation is introduced. It will be illustrated that the 

significant load patterns in an individual customer’s AMI load data can be modeled by the 

wavelet components from the load profile’s lower 2D DWT transformation. Furthermore, 

 
Figure 4-1: Sample AMI Load Profile Data  
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the 2D DWT transformation can be used in an unsupervised clustering process to identify 

load classes. The classified wavelet load models are derived from the load classes identified 

by the 2D DWT based clustering algorithm. 
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4.1 Discrete Wavelet Transformation 

The development of wavelet transformations began with Alfréd Haar’s work in the 

early 20th century [48]. The wavelet related research accelerated after the ground-breaking 

works from Ingrid Daubechies [48] and Stéphane Mallat [49] in the 1980s. There are many 

applications of wavelets, including digital signal processing and image processing [50]. 

In the DWT process, a time-domain discrete signal ( )S n  can be decomposed into a 

set of Approximation Coefficients 
0
,j kA (equation 4.1) and Detail Coefficients 

,j kD  

(equation 4.2) with a predetermined discrete scaling function 
, (n)j k (equation 4.3) and 

wavelet function 
, (n)j k (equation 4.4). The ( )S n  can be reconstructed using its 

0
,j kA  and 

,j kD  in the inverse DWT (IDWT) process (equation 4.5).   

1
2

0 0

1
2

1
2

0 0

, ,

, ,

2
,

2
,

, , , ,

0

( ) ( ) (4.1)

( ) ( ) (4.2)

(n) 2 (2 )        (4.3)

(n) 2 (2 )                                         (4.4)

( ) ( ) ( ) (4

j
j k j k

n

j
j k j k

n

j j
j k

j j
j k

j
j k j k j k j k

k j k

A M S n n

D M S n n

n k

n k

S n M A n D n





 

 

 














 

 

 





 

0

0

1

,

,

.5)

0,1,..., 1 2

          decomposing level  1,..., 1, 0

          coefficient index 

discrete scale function

the discrete wa

0,1,..., 2  

         ( ) is the 

     v    ( ) is 

J

j

j k

j k

where n M and M

j J j

k

n

n







  

  



elet function 

 

 

 

 



 - 77 - 

4.1.1 Multi-Resolution DWT 

Mallat introduced an efficient multi-resolution DWT/Inverse DWT (IDWT) 

algorithm in 1989 [49] which make DWT/IDWT implementation practical by taking 

advantage of the family of orthogonal, compact support wavelets introduced by 

Daubechies [48]. 

Mallat’s pyramid DWT/IDWT algorithm used a set of discrete Quadrature Mirror 

Filters (QMF) ( , , ,h h h h    ) to decompose or reconstruct a discrete signal. The coefficients 

for the filters are pre-determined. The simplest Daubechies (DB) wavelet filters, DB1 

(Haar wavelet), is used in the AMI load data DWT here. The DB1 scale and wavelet 

discrete filter coefficients are specified in Table 4-1.  

 

In the work that follows, [ ]S n will represent the AMI data set for a single customer. 

Figure 4-2 illustrates a 3-level DWT process. The discrete signal [ ]S n convolutes with the 

Table 4-1: DB1 QMF Coefficients 
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Figure 4-2: Multi-resolution DWT  
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low band-pass filter h  (covers 0 to 2nf frequency band as in Figure 4-3) which generates 

n number of values. Half of this set of numbers is redundant because it represents only the 

lower half of the frequency information in [ ]S n . Therefore, it can be down-sampled by 2 to 

get the Approximation Coefficients
jA . The down-sampling (decimation) process involves 

removing every other coefficient from the
jA approximation coefficients.  

[ ]S n also convolutes with the high band-pass filter h  (covers 2n nf to f frequency 

band) and is then down-sampled by 2 to calculate the Detail Coefficients
jD . The 

approximation coefficients 
jA  are then passed to the next level to repeat the same 

transformation process to generate the j+1 level 
jA and 

jD  as specified in equations 4.6 

and 4.7.   

1

0

1

0

[ ] [k] [2 ] (4.6)

[ ] [k] [2 ] (4.7)

N is the length of Finite Impulse Response Filter ,
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Figure 4-4 illustrates a 3-level IDWT process which reverses the DWT process to 

reconstruct the [ ]S n using 
jA and

jD . 
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Figure 4-2: Multi-resolution DWT Frequency Band 
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During the IDWT process, the coefficients 
jA and

jD at level j, are up-sampled by 2 

with zero (expansion) and the up-sampled coefficients convolute with the mirror discrete 

filter h and h respectively. The two convolution products are added together to generate 

coefficients
1jA 
 at level j-1 as in equation 4.8. These steps are repeated until the S(n) is 

fully reconstructed. 

1

0 0

[ ] [ ] [2 ] [ ] [2 ] (4.8)

where N is the numboer of coefficients in ,

N N

j j j

k k

A n h k A n k h k D n k

h h

 

 



 

    

 

This DWT/IDWT algorithm described by equations (4.6-4.8) is efficient and has a 

linear computational complexity ( )O n  that needs n operations to decompose a discrete load 

profile (n number of measurements) into the wavelet domain.  

The flow chart in Figure 4-5 illustrate the process of multi resolution wavelet 

decomposition. The Table 4-2 presents a step-by-step numerical example for a 24-hour 

daily load profile’s 3 level DWT. Figure 4-6 presents the synthesized load profiles at 

different resolutions. The left column contains the synthesized load profiles using 

S[n]

D3

A3

↑ 

↑ 

D2

A2

↑ 

↑ 

D1

A1 +

↑ 

↑ 
 

Figure 4-3: Multi-Resolution IDWT 
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approximation coefficients. The top plot is the fully reconstructed load profile (same as 

original). The right column contains the synthesized load profiles using detail coefficients.  

Original Load Profile Sorg(k) 
where k=1,...N

Symmetric-padding (half-point)
Sext(n) = [Sorg(1) Sorg(k) Sorg(N)]

where n=1,...N+2

A1 = (Sext(n) * hφ)[2:2:N/2+1] D1 = (Sext(n) * hψ )[2:2:N/2+1]

A3 = (A2ext(n) * hφ)[2:2:N/8] D3 = (A2ext(n) * hψ )[2:2:N/8]

A2 = (A1ext(n) * hφ)[2:2:N/4] D2 = (A1ext(n) * hψ )[2:2:N/4] 

Symmetric-padding (half-point)
A1ext(n) = [A1(1) A1(k) A1(N/2)]

where n=1,...N/2+2

Symmetric-padding (half-point)
A2ext(n) = [A2(1) A2(k) A2(N/4)]

where n=1,...N/4+2

*
*

*

*

*

*

 

Figure 4-4: Sample 24-hour load profile DTW 
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Table 4-2: Sample 24hour load profile DTW 

( )extS n  

1 2 3 4 5 6 7 8 9 10 11 12 13 

10.1 10.1 10.2 10.4 10.1 9.9 9.1 10.1 11.1 15.1 16.1 12.1 12.6  
14 15 16 17 18 19 20 21 22 23 24 25 26 

12.3 12.1 12.6 12.3 13.0 19.9 20.1 21.1 22.1 20.1 17.0 10.1 10.1 
 

( * ) 2extS h   

1 2 3 4 5 6 7 8 9 10 11 12 13 

14.2 14.3 14.5 14.4 14.1 13.4 13.5 15.0 18.5 22.0 19.9 17.4 17.5  
14 15 16 17 18 19 20 21 22 23 24 25 26 

17.2 17.4 17.5 17.9 23.3 28.2 29.1 30.5 29.8 26.2 19.1 14.3  
 

1jA 
 

k 1 2 3 4 5 6 7 8 9 10 11 12 

A1,k 14.3 14.4 13.4 15.0 22.0 17.4 17.2 17.5 23.3 29.1 29.8 19.1 
 

( * ) 2extS h   

t 2 3 4 5 6 7 8 9 10 11 12 13 

0.00 -0.08 -0.13 0.21 0.14 0.57 -0.73 -0.67 -2.84 -0.72 2.84 -0.35 0.22  
14 15 16 17 18 19 20 21 22 23 24 25 26 

0.13 -0.35 0.22 -0.55 -4.83 -0.14 -0.72 -0.69 1.39 2.20 4.87 0.00  
 

1jD 
 

k 1 2 3 4 5 6 7 8 9 10 11 12 

D1,k -0.1 0.2 0.6 -0.7 -0.7 -0.4 0.1 0.2 -4.8 -0.7 1.4 4.9 
 

1 ( )extA n  

1 2 3 4 5 6 7 

14.29 14.29 14.43 13.38 14.95 22.02 17.41  
8 9 10 11 12 13 14 

17.19 17.54 23.25 29.09 29.81 19.15 19.15 
 

1( * ) 2extA h   

1 2 3 4 5 6 7 

20.21 20.31 19.67 20.03 26.14 27.88 24.47  
8 9 10 11 12 13  

24.56 28.85 37.02 41.65 34.62 27.08  
 

2jA 
 

k 1 2 3 4 5 6 

A2,k 20.31 20.034 27.88 24.56 37.015 34.617 
 

1( * ) 2extA h   

1 2 3 4 5 6 7 

0.0 -0.1 0.7 -1.1 -5.0 3.3 0.2  
8 9 10 11 12 13  

-0.2 -4.0 -4.1 -0.5 7.5 0.0  
 

2jD 
 

k 1 2 3 4 5 6 

D2,k -0.1 -1.1 3.3 -0.2 -4.1 7.5 
 

2 ( )extA n  

1 2 3 4 

20.3 20.3 20.0 27.9  
5 6 7 8 

24.6 37.0 34.6 34.6 
 

2( * ) 2extA h   

28.7 28.5 33.9 37.1 43.5 50.7 49.0 
 

3jA 
 

k 1 2 3 

A3,k 28.5 37.1 50.7 
 

2( * ) 2extA h   

0.0 0.2 -5.5 2.3 -8.8 1.7 0.0 
 

3jD 
 

k 1 2 3 

D3,k 0.2 2.3 1.7 
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Figure 4-5: Synthesized 24hour load profile at different resolution 
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Figure 4-7 presents 3 level synthesized load profiles for a sample AMI load profile (with 

5,208 measurements). The plots in the left column are the synthesized load profiles ( )
j

AS n , which 

is reconstructed (equation 4.9-4.10) by using only the approximation coefficients 
jA at level j (the

jD coefficients at all level j, are set to 0).  

1

0

1

0

[ ] [ ] [2 ]                    (4.9)

[ ] [ ] [2 ]               (4.10)

where N is the numboer of coefficients in 

[2, ] where  is the largest decomposition level.

J

N

A

k

N

j j

k

S n h k A n k

A n h k A n k

h

j J J













 

 







 

 
Figure 4-6: 3 level synthesized load profile 



 - 88 - 

This process is illustrated in Figure 4-8 which shows that detail coefficients are eliminated 

in the IDWT. These synthesized load profiles cover the lower frequency sub-band of the original 

AMI load profile.  

 

The second column plots are the synthesized ( )
j

DS n , which is reconstructed (illustrated in 

Figure 4-9) using only the detail coefficient at level j. The coefficients are not included in the 

synthesized process. These synthesized load profiles represent the higher frequency sub-band 

information in the original AMI load profile 

 

The synthesized level j approximation load profile [ ]
j

AS n needs twice as many coefficients 

as the level j+1 synthesized load profile
1
[ ]

j
AS n



. In Figure 4-7, the 
1
[ ]AS n load profile is modeled 

by 5,208 / 21 = 2,604 coefficients, the 
2
[ ]AS n  load profile is modeled by 5,208 / 22 = 1,302 

coefficients, and the 
3
[ ]AS n load profile is modeled by 5,208 / 23 = 651 coefficients, which is 1/8 

the size of the original load profile. 

From visual inspection, the level 3 synthesized load profile is very similar to the original 

load profile presented in Figure 4-1. In section 4 it will be illustrated that the energy content of the 

signal is maintained by 
3
[ ]AS n .  

SA3[n]A3 ↑ A2 ↑ A1 ↑ 
 

Figure 4-7: Synthesized load profile  

SD3[n]D3 ↑ A2 ↑ A1 ↑ 
 

Figure 4-8: Synthesized load profile 
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Wavelet coefficients can also be used in frequency-time localization analysis, such as the 

detection of large sudden changes in a load profile. In Figure 4-10 a small sample load profile and 

its 2 level DWT detail coefficients are presented. There are two sudden and significant load drops 

in the load profile: the first one takes place from the 51st to the 52nd hour, and the second one 

occurs at the 73rd hour. The 73rd hour drop has a higher frequency since its period is shorter. Once 

the load profile is transformed into the wavelet domain with 2-levels of resolution, the two load 

drops can be detected by analyzing the two detail coefficients sets (plots 2 and 3 in Figure 4-10). 

The D1 coefficient from the level 1 DWT covers the higher half of the frequency band ( 2n nf to f  

). The higher frequency 73rd hour load drop can be observed when the D1 magnitudes suddenly 

drops below -100 at the 74th hour. The lower frequency 51st to 52nd hour load drop can be 

detected by analyzing the D2 coefficients, which covers the lower half of the frequency band. In 

this case the D2 coefficient spikes to 100 at the 51st hour when the load drop occurs. In this 

 

Figure 4-9: Load Profile Detail Coefficient from 2-Level DWT 
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example, the approximation coefficients are left out because the sudden load changes are high 

frequency signals that should not be visible in the lower frequency band where the approximation 

coefficients reside. 

.  
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4.1.2 2D Multi-Resolution Wavelet Transformation 

The 2D wavelet decomposition process is similar to the 1D DWT decomposition as the 

signal also goes through a series of discrete wavelet filters ,h h 
. The 2D discrete wavelet 

decomposition first decomposes the signal in columns, followed by a decomposition into rows, as 

illustrated in Figure 4-11. At each level the 2D wavelet transformation will generate one 

approximation coefficient ( )jW and three different detail coefficient sets: the horizontal ( )
h

W j , the 

vertical ( )
v

W j  and the diagonal coefficients ( )
d

W j .  

The reconstruction process reverses the decomposition process which reconstructs the data 

by performing the IDWT along the row direction, followed by performing the IDWT along the 

column direction.  

  

 
Figure 4-10: 2D Multi-Resolution DWT 
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4.2 AMI Load Data Modeling using Wavelet 

The real-world circuit used in this research serves 323 customers whose hourly AMI load 

measurements were recorded from May 2013 to Dec 2013. These customers represent a diverse 

group of load patterns. For example, there are customers with the double-peak residential load 

type, businesses with the typical 9am to 5pm commercial load type, loads with on-off type 

behavior (similar to street light load pattern), and others. Identifying the various load patterns for 

the circuit will be considered shortly. 

In the analysis, AMI measurements from 2013-05-27 00:00 to 2013-12-29 23:00 were 

used, representing a 31-week time window. Each customer had 5208 hourly kW measurements, 

for a total of 1,682,184 rows of AMI measurements for the 323 customers served by the circuit.  
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4.2.1 Multi-Resolution Wavelet Load Model 

For time-series analysis involving AMI data, SCADA data, and others, it is desirable to 

load the data into computer memory for the most rapid analysis. However, for models consisting 

of thousands of circuits with similar AMI coverage it is not be practical to load all of the AMI data 

directly into computer memory. The goal of a compressed AMI load data model is to construct a 

load model that accurately approximates the original load profile’s energy and significant pattern 

characteristics with a much smaller data set. 

Typical load profile patterns tend to be relatively slow changing, indicating that most load 

profile energy is located in the lower frequency band, which can be represented by the 

approximation coefficients Aj introduced earlier. The sudden, abnormal changes in a load profile 

have much higher frequencies which are modeled by the Dj detail coefficients. This kind of high 

frequency behavior modeled by the detail coefficients generally represents a small portion of the 

original time domain load profile’s energy. From figure 3, it may be noted that the ( )
j

DS n  load 

profiles have much smaller magnitudes than the corresponding ( )
j

AS n load profiles.  

In this section the 
3
( )AS n load profile is used as the wavelet load model. This model has a 

coefficient set that is 1/8 of the original AMI data size. The model retains most of the energy 

residing in the original load profile and captures much of the original load profile’s characteristics. 

However, it should be noted that it is possible to model the AMI load data at either higher (more 

coefficients) or lower (less coefficients) resolutions in the wavelet domain. But in this section 

characteristics of using 
3
( )AS n will be investigated. 
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In order to evaluate the performance of the load model, the following 3 parameters are 

proposed. First, the SE in equation 4.11 is the synthesized load profile’s total energy in terms of 

percentage of the original load profile’s total energy.  

2 2

1 1

 ( ) ( ) 100%              (4.11)

           

i

N N

A

n n

SE S n S n
 

 
  
 
 

 

Table 4-3 presents the SE values for all 323 level 3 synthesized 3
[ ]AS n

 load profiles. It 

shows that only 3 of the 3
( )AS n

load profiles have a total energy less than 80% of their original load 

profile total energy. Seventeen of the 3
( )AS n

load profiles have a total energy that is between 80 to 

90% of their original load profile total energy. The majority of the load profiles, 303, have an 

3
( )AS n

that captures 90% or more of their original AMI data load profile total energy. 

 

AMI load data contains sharp load changes that are similar to the spikes previously 

discussed for figure 8, and the energy contained in these spikes is modeled with the detail 

coefficients and not the approximation coefficients of  
3
( )AS n . The energy contained in these spikes 

is neglected when just   is used to synthesize the load profile.  Thus, the energy errors shown in 

Table 4-3 are an indication of the variability of the loads, where three of the loads (i.e., those with 

an energy match less than 80%) have a much higher variability than the other 320 loads.  

Table 4-3: 
3
( )AS n   vs. Original Load Profile Energy 

Number of
3
( )AS n  Load Profiles SE 

3 load profiles (0.93%) Less than 80.000%  

17 load profiles (5.26%) 80.000% to 90.000% 

303 load profiles (93.81%) 90.000% to 99.998% 
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The second parameter to be employed in evaluating the performance of the wavelet load 

model is the hourly error, E(n), which is defined as the difference between the synthesized load 

profile value and the original load profile value at each respective time point n, as shown in 

equation 4.12: 

3
( ) ( ) ( )                        (4.12)AE n S n S n 

 

Figure 4-12 presents the histogram for E(n), where the distribution fit is shown by the red 

line. These plots show that the distribution of E(n) is approximately normal with a mean that is 

centered close to zero with a small variance. This indicates that the error between the wavelet 

based load model and the original load model is small and predictable. 

 

 

Residual Distribution Mean -2.12e-13 

Residual Distribution Variance 14.51 

Figure 4-11: Error of Synthesized Load Profile 
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The third parameter to be employed in evaluating the performance of the wavelet load 

model is the hourly percentage error, PE(n) which is defined in equation 4.13.  

3
( ) ( )

( ) 100%             (4.13)
( )

AS n S n
PE n

S n


 

 

PE(n) can be used to indicate how close a synthesized load profiles relates to its original 

load profile. Figure 4-13 presents the histogram for the level 3 wavelet load model’s hourly 

percentage error. The result shows that 74% of the
3
( )AS n  hourly loads are within 10% of their 

original AMI load measurements. 

 

  

 

Figure 4-12: Synthesized Load Profile Percentage Error 
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4.2.2 Classified Wavelet Load Model 

The second proposed load data model utilizes the Typical Load Profile (TLP) of the 

normalized load class to model the AMI load data. The individual load profiles are grouped 

together using their wavelet coefficients. The AMI load data used in the research here comes from 

various types of customers. Conventionally, the utility categorizes customers by rates instead of 

load patterns. In order to classify loads with patterns, the 2D DWT load profile pattern model is 

used.  

Thus, using our AMI load data set, each of the 323 load profiles is normalized by its annual 

peak and converted into a matrix form where each row of the matrix represents a week of hourly 

load measurements: from Monday 00 hour to Sunday 23rd hour, which has 168 hourly readings. 

Thus, a 31-week hourly AMI load profile is represented as a matrix with 31rows and168 columns.  

The matrix representation of the load profiles can be visualized as a set of color images, as 

illustrated in the second column of Figure 4-14. The plots in the first column represent the original, 

normalized AMI load profiles. The third column is the level 3 approximation coefficient image, 

which is a lower resolution of the images of the second column. The fourth and fifth columns 

represent the visual images of the Vertical Coefficients of 2D DWT at levels 3 and 4, respectively. 

All visual images in Figure 4-14 share the same color map.  

The edges of a significant load pattern in a load profile normally associate with rapid load 

rises and/or drops. This is why some research suggests using terms such as Rise Time and Fall 

Time [2] to describe load patterns in the time domain. These sudden changes in load profiles can 

be detected using the 2D DWT coefficients. For example, the first load profile of Figure 4-14 is 

relatively consistent without significant hourly load variations. Its level 3 Vertical Coefficient, V3 

shows a very consistent pattern without significant color variation in column 3.  
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The other four load profiles in Figure 4-14 all show significant daily pattern variations. The 

significant daily pattern differences in load profiles is normally correlated with the changes in the 

vertical coefficients, as may be seen from Figure 4-10. There are 7 very distinctive color bands in 

the level 3 vertical coefficients image. The color differences of these vertical bands indicate the 

difference between their daily load profiles. 

The 2D DWT can generate multiple representations of the original data at different 

resolution levels. The fifth column in figure 9 contains the level 4 vertical coefficients, V4. This 

can be viewed as a “zoom-out” of V3 at a lower resolution, but still provides the significant patterns 

of the original load profile. Instead of using all 5,208 hourly load data measurements, the more 

compact form of the DWT representations of the load pattern is used in the classification process. 

The V3 matrix size is 4 by 21 and the V4 matrix size is 2 by 11.  

 
Figure 4-13: 5 AMI load profiles’ pattern visualization  
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This classified load model uses a K-mean clustering algorithm [51] illustrated in Figure 4-

15. The algorithm minimizes the mean of the Squared Euclidean distance between the load 

profile’s Vertical Coefficients and the load class k centroid (equation 4.14) for each class, as 

indicated by the following equation.  

Start

Choose K Initial Centroid

Compute Vertical Coefficient to Centroid Distance For All Load Profiles

Assign Each Load Profile to the Closest Cluster 

Calculate The New Centroid of Each Cluster 

Yes

Do the New 

K Centroids 

Different from 

Previous 

Centroids?

Stop

 

Figure 4-14: K-Mean Clustering Algorithm  
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.

2
, , ,

1

( )                (4.14)

where i is the load profile index

          k is the load class index

          n is the data index

i k

N

V C i n k n

n

D V C


 

 

The K-mean algorithm is used to group individual customer load profiles into k number of 

load classes (k has to be determined by the user prior to the clustering process). The class k’s 

average hourly load profile ( )TLP tk
can be calculated from the load profiles of the class using 

equation 4.15: 

,
0

( )

( )                 (4.15)

where k is the load class index, 

          i is the index for a load profile in load class k.

N

k i
n

S t

N
TLP tk






 

Combing the individual load profile annual peak load ,k iP  (equation 4.16), average load 

scale factor ,k iM  (equation 4.17) ,and the TLP of the normalized load profile of the class, ( )kTLP t

, the method can construct a synthesized load profile, , ( )k iS t , for each customer (equation 4.18) 

to replace the original AMI data as given by 
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, ,
[0, ]

,

0
,

,

0

,
,

,

( )                            (4.16)

( )

                   (4.17)

( )

( )
( )                  (4.18)

where k is the load class index

      

k i k i
t T

T

k k i

t
k i T

k i

t

k k i
k i

k i

P max S t

TLP t P

M

S t

TLP t P
S t

M














 





     i is the load profile index in load class k

           T is the largest time point index

 

Table 4-4 presents the 5 load profile classes and their sizes. This load model can reduce 

the size of the original AMI load data set even further, as the model only stores two measurements 

( ,k iP and ,k iM ) for each customer and k number of TLP data sets, ( )TLP tk
, for the load classes. 

 

For the classified wavelet load model, 234 (72% of 323) of the synthesized load profiles 

have a total energy value from E(n) (equation 4.12) that is within 10% of their original AMI load 

profile total energy. The other 28% of the synthesized load profiles have 60% to 80% of the 

original load profile energy.  

Table 4-4: Load profile classification 

classes id Number of Load Profiles 

1 89 

2 166 

3 39 

4 14 

5 15 

 



 - 102 - 

Table 4-5 shows several ranges of the classified wavelet load model’s percentage error 

values, PE(n) (equation 4.13), and the percentage of all classified wavelet load model data that is 

within each respective PE(n) range.  

 

The classified wavelet load model is not as accurate as the wavelet load model because the 

granularity of the classes is not as fine-grained in terms of their patterns. The goal of this chapter 

is to show that the AMI load profile coarse-resolution representation can be used in load profile 

classification.  It should be noted that the example given here has not been optimized.  Given some 

optimization criteria, such as energy ranges, peak values, and others, and using the classification 

technique presented here, a set of classes could be sought to meet the criteria.  

 

  

Table 4-5: Synthesized Load Profile Evaluations with PE(n) 

PE(n) % synthesized load profiles 

10% Less  22% 

10% to 20% 24% 

20% to 30% 43% 

over 30% 11% 
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4.3 Load Estimation with Wavelet Based Load Model 

In this section three load models for the 323 customers are used with a model of a real-

world circuit: 1) the original AMI load data, which is referred to as the reference data model, 2) 

the wavelet load model with level 3 approximation coefficients and 3) the classified wavelet load 

model. Three hourly load estimations are performed at the beginning of the circuit for a period of 

5,028 hours from 5/27/2013 00:00 to 12/29/2013 13:00.  

The wavelet load model stores 651 level 3 wavelet approximation coefficients for each of 

the 323 customers. The classified wavelet load model stores 2 values for each customer plus 5 

different hourly TLPs (each has 5,028 data points). Table 4-6 presents the data reduction that is 

achieved by each wavelet-based load model. Both data models can reduce the AMI data size by 

over 87%.  

 

The second comparison uses the hourly estimation percentage error histogram (Figure 4-

16) to show how the proposed wavelet-based load models match up with the original AMI data 

model in terms of hourly load estimates.  In this case 71% of the hourly load estimates from the 

wavelet load model are within 10% of the loads from the original AMI data model. With the 

classified wavelet load model, 80% of the load estimates are within 10% of the loads from the 

original AMI data.  

Table 4-6: Data Reduction 

 No. Records AMI Records Reduction 

Wavelet Load Model 210,273 1,682,184 -87.50% 

Wavelet Classified Load Model 26,686 1,682,184 -98.41% 
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Table 4-7 presents the system peak estimation comparison: the original AMI data indicates 

the peak load time occurred at 5PM on 7/18/2013 for A and C phases, and at 4PM on 7/18/2013 

for phase B. Both wavelet-based load model estimates the peak load occurred at 5PM on 7/18/2013 

for all phases. There is a 1 hour difference in the phase B peak load estimate. The peak load 

estimates from the wavelet-based load models are within 12% of the peak estimates using the 

original AMI load data.  

 

Figure 4-15: Hourly Load Estimation % Error Histogram 
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Table 4-7: System Peak Load Estimation 

Phase 
AMI Peak 

(kW) 

Peak 

Time 

Wavelet Load Model Peak 

(kW) 

Peak 

Time 

Error 

% 

A 878.20 7/18 5 PM 968.71 7/18 5 PM 10.3% 

B 1132.82 7/18 4 PM 1262.76 7/18 5 PM 11.5% 

C 569.73 7/18 5 PM 629.88 7/18 5 PM 10.6% 

Phase 
AMI Peak 

(kW) 
 Classified Wavelet Load 

Model Peak (kW) 
  

A 878.20 7/18 5 PM 868.75 7/18 5 PM -1.1% 

B 1132.82 7/18 4 PM 1010.68 7/18 5 PM -10.8% 

C 569.73 7/18 5 PM 552.38 7/18 5 PM -3.0% 
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Table 4-8 shows that the total energy estimates from the wavelet-based load models are 

within 1% of the energy of the original AMI data 

  

Table 4-8: System Total Energy Estimation 

Phase AMI (kWH) Wavelet Load Model (kWH) % Error 

A 2013192.71 2011098.14 -0.10% 

B 2321937.76 2321775.12 -0.01% 

C 1306861.05 1306961.94 0.01% 

    Classified Wavelet Load Model   

A 2013192.71 2007990.47 -0.26% 

B 2321937.76 2322710.13 0.03% 

C 1306861.05 1304125.65 -0.21% 

 

Table 4-9: System Total Energy Estimation 

Phase AMI (kWH) Wavelet Load Model (kWH) % Error 

A 2013192.71 2011098.14 -0.10% 

B 2321937.76 2321775.12 -0.01% 

C 1306861.05 1306961.94 0.01% 

    Classified Wavelet Load Model   

A 2013192.71 2007990.47 -0.26% 

B 2321937.76 2322710.13 0.03% 

C 1306861.05 1304125.65 -0.21% 
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4.4 Summary 

The major challenge to using big AMI data in large scale system power flow analysis is 

the size of the data. The proposed two wavelet-based load data models can reduce the size of the 

AMI load data by 88% (multi-resolution wavelet load model) and 98% (classified wavelet load 

model), respectively.  

Individual customer load profiles can be synthesized by using the lower resolution 

coefficients of its multi-resolution DWT. This is because most of the energy of the original AMI 

load data profile is located in the lower frequency band.   In the multi-resolution DWT the energy 

of the lower frequency bands can be captured by a set of approximation coefficients at level k, 

with a data size that is of the original AMI data length.  

It has been shown that the wavelet representation of sudden/abnormal load changes (i.e., 

load changes lasting for a short period, such as occur from metering errors) can be detected in the 

higher frequency band of the original AMI load profile. By using the lower resolution wavelet 

approximation coefficients to model the load profile, these abnormal load changes are filtered out. 

A matrix derived from a 2-dimensional DWT has been used to represent individual load 

profiles.  The vertical coefficients from the matrix can be used to detect periodic load patterns, 

such as daily or weekly patterns. A data mining algorithm and the vertical coefficients can be used 

to classify customer load profiles into groups that have similar load behavior.   

The load class hourly Typical Load Profile (TLP) identified by the DWT vertical 

coefficients can be used to model the load pattern of an individual customer belonging to the class. 

Using the load class TLP along with the individual customer’s peak and average load 

measurements, a synthesized load profile can be constructed for each customer. 
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For the example circuit considered, power flow time series analysis was used to compare 

the total energy from the three models.   The total energy calculated using the wavelet load model 

was within 0.1% of the original AMI load data, and the total energy calculated using the classified 

wavelet load model was within 0.26% of the original AMI data.  The peak load estimates from the 

wavelet load models were within 11% of the peak estimates from the AMI data, where the wavelet 

load model is conservative, overestimating the peak.   

Wavelet-based load models have the potential to be a standard way to process and store 

AMI load data to be used in analysis. The wavelet models provide a new approach to improving 

the classification of customers into groups that display similar load behavior. 

  



 - 108 - 

Chapter 5: Stochastic Load Model in 

Frequency Domain 

In order to efficiently and reliably operate a smart grid an accurate and efficient load 

estimation model is needed. Load estimation models can generally be categorized into two groups: 

1) Traditional time series and statistical methods, such as regression and ARMA models [2-6, 8, 

24-26, 52], and fuzzy approaches [9-11]. 2) Machine learning methods involving neural network 

and support vector machine [12-13, 24, 26, 52-53].  

The majority of load modeling literature focuses on short (from minutes to several days) 

and long term (from a year to a decade) load estimation at the system or substation level, where 

the load generally ranges from several MW to several GW [24, 26, 52]. These conventional load 

models are generally constructed using time-domain load data. In the time-domain it is difficult to 

describe and quantify the diverse and complicated load pattern characteristics that exists in AMI 

load data [27, 54]. 

The load patterns for distribution transformers and feeders are diverse and strongly 

influenced by local weather conditions. For these load types, there is limited research on 

developing medium term (from a day to a year) load estimation models using statistics from 

spectral analysis of hourly AMI load data and the corresponding weather data.  

In this chapter, the proposed load model is constructed using frequency-domain statistics 

derived from AMI load data spectral analysis [27]. The statistics are used to estimate the hourly 

load profile for transformers and feeders under different weather conditions. It has the following 

original features: 

1. Load model is driven by non-temporal parameters.  
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2. The model is flexible and can incorporate many partitioning parameters (weather, 

customer class, spatial…). 

3. Load Estimation Envelope. 

a. Detect and filter error/outlier electric load data. 

b. Equipment Sizing. 

4. Load Data Interpolation, back-cast or filling data gap of various size with known 

weather data. 

5. Load Data forecast with forecasted weather data. 
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5.1 Frequency Domain Stochastic Load model  

The load model investigated in this chapter is referred to as the Frequency Domain Weather 

Sensitive Stochastic (FDWSSM) load model.  The FDWSSM is derived from AMI load and 

weather data collected for a set of transformers and feeders. The model construction process 

consists of three major steps, which are presented in the following three subsections.  

A. AMI Data Partition by Daily Weather Index 

In the US, Heating-Cooling Degrees (HCDD) [18] is a commonly used measure to evaluate 

a utility customer’s energy usage dependency on the average daily temperature 
DTemp  . HCDD is 

defined in equation 2, where the temperature is in Fahrenheit degree ( F ).  

 

( ( )) ( ( ))
 (1)

2

65                                   (2)

where subscript  is the day index, hour index n [0, 23

F

]

D D

D

D D

Max Temp n Min Temp n
Temp

HCD Temp

D



 







 

For the majority of customers, the largest portion of their electricity usage is from the 

heating, ventilating, and air conditioning (HVAC) equipment, whose operation is sensitive to the 

HCDD value. In order to model the weather sensitivity of daily load profiles and calculate the 

frequency domain statistics of a set of loads under certain weather conditions, a HCDD based 

Weather Index (WI in equation 3) is used to partition the daily AMI load data into sets.  

 

( /10.0) 10                              (3)

where ( ) rounds value  to the nearest integer

          subscript  is the current day index 

DWI Round HCD

Round x x

D

 

 

WI represents a range of HCDD values. In this paper, each WI has a 10 HCDD degree range.  

Using this degree range results in all AMI data sets used in the statistical analysis having at least 
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30 daily samples. In this paper, this minimal sample size is due to the limit of the current AMI data 

coverage. The WI is an integer number used as a data index in the load database to categorize a 

set of days whose daily heating-cooling degree values are within the WI’s range.  

Table 5-1 lists the values of WI used in this paper and the corresponding daily average 

temperature (
DTemp  ) range in both o C and °F.  

 

For different WI, the daily load profiles of a particular transformer/feeder exhibit different 

load pattern characteristics. The AMI data used in this paper were collected in an area where the 

majority of the electrical load is from residential customers and small-to-medium sized 

commercial customers. The weather condition has a strong influence on the daily load profiles of 

the transformers and feeders that serve these customer types. 

Figure 5-1 presents a set of normalized daily load profile (by the daily peak) plots for a 

transformer supplying commercial customers (first, second plots), and a transformer supplying 

residential customers (third, fourth plots). Each line in the plot represents a daily profile with the 

same WI value. There are two WI values in the sample plots: the winter WI = -20 is between 40oF 

and 50oF, and summer WI = 10 is between 70oF and 80oF. The transformer that supplies the 

Table 5-1: Daily Average Temperature 

DTemp

Range for WI 

 DTemp Range 

WI °F o C 

-40 20 30 -7  -1  

-30 30 40 -1  4  

-20 40 50 4  10  

-10 50 60 10  16  

0 60 70 16  21  

10 70 80 21  27  

20 80 90 27  32  
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commercial customers has a more consistent single-peak, daily load pattern for both WI values. 

During winter the transformer’s hourly load variation is smaller than the hourly load variation 

observed during the summer. The transformer that supplies residential customers has different load 

patterns for winter and summer. In the winter the transformer exhibits a double-peak pattern (one 

peak occurs in the morning and the other peak occurs in the evening). In the summer the 

transformer’s daily peak region moves to a later hour of the day.  

 

  

 

Figure 5-1: Sample Commercial and Residential Transformer Normalized Daily Load Profiles under different WI 
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B. AMI Load Data Frequency Domain Representation 

Time domain AMI daily load profiles are expressed as a set of time-series load data points. 

These data points have an auto-correlated relationship [55] which lacks orthogonality. Because of 

the lack of orthogonality, the time domain hourly data is not suitable to be modeled and analyzed 

independently. Because of this it becomes more difficult to model stochastic load pattern 

characteristics using time domain load profile representations [28].  

Using the technique introduced in [27], the original AMI load profile can be transformed 

to a set of independent, orthogonal, frequency domain components (defined by a magnitude value 

and a phase value) that can be modeled and analyzed independently. Once the daily AMI load data 

is partitioned by WI, the frequency domain statistics can be extracted and the stochastic models 

constructed for each of the AMI daily load profile frequency domain components. 

From [17] the daily AMI load profile ( )mx t is normalized by its daily peak peakx
as   

( ) ( ) /                                                 (3)n m peakx t x t x
 

The normalized load curve ( )nx t is then transformed into a frequency domain representation 

( )X f using the Discrete Fourier Transform (DFT) as   

23

0

( ) ( )                                     (4)

 is the frequency spectrum indexed by k, 

 is the frequency resolution

k

k

k

X f X f k f

X

f




  





 

Each member of the frequency spectrum, kX  ,is expressed by equation 5. kX is a complex 

number with magnitude ka
 and phase angle k  . 
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Using the Inverse Discrete Fourier Transform (IDFT) the time domain load profile
( )rx t

can be reconstructed using some or all of the frequency components as  

23

0

223
24

0

( ) ( )                                     (6)

1
( ) ,    0,1,2,...23            (7)

24

r r
n

k

j kn

r
n k

n

x t X t n t

x t X e n








  

 




 

Using Euler’s identity to combine exponentials into cosine functions, 
( )rx t

can be expressed 

as a sum of frequency components as   
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Now, the original time domain daily load profile data can be represented by the frequency 

domain daily load profile descriptor, S , which is given by   

1 1[ ,( , ),..., ( , )]       (9)peak H H kH kHS x a a 
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S is defined as a set of frequency domain parameters which consist of the daily peak peakx

and 12 set of harmonic components (magnitude value kHa
and phase value kH

indexed by k ). 

C. Frequency Domain Weather Dependent Stochastic Load Model 

Figure 5-1 illustrates that a transformer’s daily load profiles under the same WI can share 

a similar pattern with certain levels of variations in both the vertical direction (along the load 

magnitude axis) and the horizontal direction (the time axis). It is difficult to model these directional 

variations independently in the time domain. However, in the frequency domain once the daily 

load profile is transformed into a series of harmonics, these directional variations can be modeled 

independently by harmonic magnitude kHa  (vertical variation) and phase kH  (horizontal 

variation) [27].  

As discussed in section B, each daily load profile can be represented in the frequency 

domain using S  defined in equation 9. For each WI, there is a set of daily load profiles whose S  

parameter variations which can be modeled as a stochastic distribution. The null hypotheses (H0) 

tests are used here to test if the daily load peak peakx , the harmonic magnitude kHa ,and the phase 

angle kH  are from normal distributions, respectively. 
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Table 5-2 presents the H0 test results for peakx , kHa  and kH . For peakx , kHa , the Chi-

Square Test is used. For kH  the Waston’s U2 [34] test is used because of its circular nature. It 

should be noted that the number of records for the case WI = -40 ranged from 5 to 20, and hence 

represented a small number of samples.  For the other weather indices, the results of the H0 tests 

indicate that it is reasonable to consider peakx
, kHa  and kH  as normally distributed. 

The proposed frequency domain load model consists of a normalized, stochastic, daily peak, 

load profile model and a frequency domain shape descriptor, stochastic model. Using the sample 

residential load profiles illustrated in figure 1 as an example, the daily peak values under different 

Table 5-2: Normal Distribution Tests for Daily Peak, Load Shape Descriptor Magnitude and Phase 

Normal Distribution Test 

Method 
Chi-square Watson's U2 

Load Model Data Set peakx  kHa  kH  

Null Hypothesis (H0) 

Test Result 
Accept Reject Accept Reject Accept Reject 

WI 

-40 82% 18% 80% 20% 85% 15% 

-30 93% 7% 93% 7% 91% 9% 

-20 92% 8% 95% 5% 96% 4% 

-10 96% 4% 96% 4% 97% 3% 

0 100% 0% 100% 0% 100% 0% 

10 100% 0% 100% 0% 100% 0% 

20 95% 5% 95% 5% 94% 6% 

 

Table 5-3: Residential Transformer Daily Peak Partitioned by WI 

WI Daily Peak Mean (kW) Daily Peak Standard Deviation (kW) 

-40 12.145 1.284 

-30 13.109 1.851 

-20 12.435 1.022 

-10 12.097 1.934 

0 14.719 1.427 

10 27.329 2.988 

20 39.630 3.792 

 

 

Table V-3 Residential Transformer Daily Peak Partitioned by WI 

WI Daily Peak Mean (kW) Daily Peak Standard Deviation (kW) 
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WI can be modeled as normal distributions using the mean and standard deviation values shown 

in Table 5-3.  

For a given WI, the normalized, daily load profile’s frequency domain shape descriptor 

components, defined in equations 10 and 11, are 
 r

WIx t
. 

 r
WIx t

, and may be represented as a set of 

stochastic distributions with magnitudes ( )HWI kN a and phase angles ( )HWI kVM  . The phase angle 

values are always within a circular range (0 to2𝜋). Here the ( )HWI kVM  is modeled as a circular, 

normal random number function based on the Von Mises distribution [34].  
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Table V-4 lists the coefficient values in the functions ( )HWI kN a and ( )HWI kVM   for modeling 

a sample transformer’s daily 24-hour AMI data (plotted in Figure 1), partitioned by the WI values. 

The magnitude values of lower frequency components (from DC to 5th Harmonic) are much larger 

than the higher frequency components. This indicates that most of the energy of the transformer’s 

load profile is in the lower frequency components. The overall pattern of the load profile is a slowly 

changing trend, and the hour-to-hour variation is relatively small.  

Table 5-4: Residential Transformer Frequency Domain Daily Normalized Load Profile Coefficients Partitioned by WI 

WI DC H1 H2 H3 H4 H5 H6 H7 H8 H9 H10 H11 H12 

 Harmonic Magnitude Mean )( pa  

-40 0.641 0.180 0.144 0.046 0.071 0.068 0.042 0.022 0.028 0.029 0.019 0.014 0.007 

-30 0.585 0.198 0.137 0.065 0.056 0.043 0.031 0.030 0.029 0.026 0.024 0.029 0.010 

-20 0.592 0.178 0.137 0.067 0.045 0.047 0.031 0.037 0.035 0.030 0.024 0.024 0.014 

-10 0.596 0.204 0.126 0.054 0.050 0.037 0.039 0.039 0.037 0.034 0.031 0.028 0.013 

0 0.558 0.223 0.111 0.059 0.060 0.054 0.042 0.038 0.037 0.033 0.034 0.034 0.017 

10 0.548 0.350 0.057 0.050 0.053 0.038 0.039 0.026 0.029 0.024 0.025 0.017 0.010 

20 0.605 0.371 0.050 0.023 0.037 0.021 0.017 0.019 0.014 0.015 0.012 0.008 0.008 

 Harmonic Magnitude Standard Deviation )( pa  

-40 0.018 0.134 0.021 0.014 0.024 0.008 0.013 0.009 0.013 0.015 0.011 0.015 0.003 

-30 0.037 0.055 0.038 0.028 0.026 0.017 0.020 0.015 0.018 0.011 0.020 0.014 0.007 

-20 0.061 0.053 0.046 0.032 0.024 0.021 0.018 0.021 0.015 0.016 0.013 0.015 0.010 

-10 0.061 0.070 0.049 0.021 0.023 0.024 0.019 0.025 0.021 0.014 0.015 0.015 0.010 

0 0.066 0.077 0.049 0.033 0.026 0.028 0.023 0.021 0.021 0.017 0.018 0.018 0.011 

10 0.045 0.044 0.026 0.025 0.022 0.021 0.021 0.014 0.021 0.016 0.011 0.010 0.007 

20 0.025 0.025 0.025 0.003 0.013 0.019 0.014 0.009 0.010 0.012 0.010 0.007 0.006 

 Harmonic Phase Mean Direction (Radian) )( pa  

-40 0.000 1.701 1.847 -1.443 2.491 2.674 -1.060 -2.526 2.607 -0.347 2.561 -0.146 0.000 

-30 0.000 2.046 2.037 -1.913 1.997 -2.963 -1.447 -0.991 1.824 -1.243 0.426 -0.411 0.000 

-20 0.000 2.118 1.987 -1.637 1.896 2.578 -1.744 -0.356 2.040 -2.343 1.119 -2.351 0.000 

-10 0.000 2.205 1.876 -1.895 2.423 1.916 -1.248 0.896 0.120 -2.409 -0.205 -1.165 0.000 

0 0.000 1.818 1.375 1.980 2.523 2.040 3.108 -2.376 2.226 -2.805 -0.978 -2.745 0.000 

10 0.000 1.913 0.717 1.791 2.137 1.759 2.153 -2.596 -2.914 -2.420 -1.778 -0.648 0.000 

20 0.000 2.063 0.393 2.551 2.667 1.687 1.961 -2.972 -1.619 -2.803 -1.966 -1.253 0.000 

 Harmonic Phase Concentration Parameter ( )pk   

-40 0.000 1.175 1.655 0.730 0.778 -1.062 1.880 1.479 0.925 1.299 0.415 0.883 0.000 

-30 0.000 0.475 0.081 1.588 1.189 1.270 1.276 0.244 1.096 0.690 0.337 0.758 0.000 

-20 0.000 1.003 1.439 1.005 0.954 0.987 0.727 0.120 0.663 0.816 0.373 0.120 0.000 

-10 0.000 -1.457 -1.503 0.526 1.044 0.448 0.299 0.261 0.378 0.397 0.757 0.450 0.000 

0 0.000 0.714 1.355 0.259 0.873 0.557 0.255 0.464 0.270 0.272 0.198 0.270 0.000 

10 0.000 -1.189 0.880 0.266 1.139 0.464 0.559 0.386 0.431 0.297 0.876 0.132 0.000 

20 0.000 1.072 -0.251 0.795 -1.981 1.567 0.771 0.306 1.052 0.743 0.480 -1.099 0.000 
 

 

Table V-4: Residential Transformer Frequency Domain Daily Normalized Load Profile 

Coefficients Partitioned by WI 

)( pa
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The data of Table 5-4 also shows that the variations among the phase angle values are small. 

This indicates that the overall shape of the load profile doesn’t shift that much along the timeline 

under the same WI. 

The proposed FDWSSM is a compact model for the AMI load data. The load model for 

each customer requires 416 coefficients (for 13 sets of 4 harmonics coefficients and for 8 different 

WI values) for the frequency domain hourly load model. The size of FDWSSM set is 

approximately 4% of the original AMI data size, where in the original AMI load data sets analyzed 

there are 8760 hourly AMI data points for each customer. Because most of the load profile energy 

is located in the lower frequency components there is the potential to further reduce the FDWSSM 

model size by excluding some of the higher frequency harmonics from the model [27]. 

One advantage of the FDWSSM model is the scalability. Once the model is constructed it 

only depends upon the weather condition, and not the time, to perform the estimation or forecasting. 

As the system accumulates more AMI data and corresponding weather data, the proposed model 

only needs to update the parameters for the weather conditions corresponding to the new AMI load 

data, which will not cause the model size to increase. If the behavior of the customer does not 

change, only the weather conditions that have not been encountered before will give rise to new 

sets of coefficients. For each new weather condition WI, 52 new parameters are needed in the 

current implementation of the FDWSSM model.  

5.2 Load Estimation Experiment 

Figure 5-2 illustrates the FDWSSM model construction and load estimation process. The 

WI calculation, time-to-frequency domain AMI data transformation, and AMI daily load profile 

frequency domain statistic calculation (partitioned by WI) are implemented in the model 
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construction process. Once the model is created, the WI of the target day is incorporated into the 

estimation process to estimate the load profile.  

The hourly AMI load data used here was collected in the suburbs of a major Mid-Atlantic 

metropolitan area during 2014. In the experiment the data in February and August are reserved for 

the FDWSSM model performance evaluation tests, and the rest of the 10 months of data are used 

to construct the FDWSSM.  

The data set consists of hourly AMI load data from 420 transformers and 56 feeders (The 

420 transformers are not part of the 56 feeders). The types of customers served by these 

transformers and feeders range from small residential customers to large commercial customers. 

Time Domain AMI Data
Historical 

Weather Data

Frequency Domain AMI DataWI

Frequency Domain AMI Data Partitioned By WI

Frequency Domain Stochastic Load Model 

Target Day 

Weather Data
Estimated Frequency Domain AMI Data 

Estimated Time Domain AMI Data

Model Construction 

Load Estimation 

 

Figure 5-2: FDWSSM Flow Chart 
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The load distributions for different average hourly load ranges are presented in Table 5-5. 

The data shows a diverse group of electricity loads. The average hourly loads for the transformers 

range from 0.9kW to 188kW. The average hourly loads for the feeders range from 325 kW to 3849 

kW. Twenty-nine feeders have average hourly loads larger than 1,000kW.  

The local 2014 hourly weather data used in the experiments was downloaded from National 

Weather Service on-line weather data repository [56].  

After the FDWSSM models were constructed for all transformers and feeders, 200 

estimation runs were executed with the models to estimate the 2014 February and August daily 

24-hour load values for each feeder and transformer. The hourly average of the 200 estimated 

hourly load data sets are then compared with the corresponding AMI hourly load data 

measurements taken during the same time window.  This comparison for feeders is shown in Figure 

3 for two days in February, the 1st and 3rd, and for two days in August, the 1st and 2nd. In Figure 3 

the blue points represent FDWSSM model calculated values and the grey points represent AMI 

load measurements. Note that the average estimated daily load profiles (blue points) closely 

resembles the original AMI daily load profiles (grey points). Also shown in Figure 3 are estimation 

envelopes to be discussed in the next section.    

Table 5-5: The Number of Feeders/Transformers within Different Average Hourly Load Ranges 

Average Hourly Load Range Number of 

Transformers  

Number of 

Feeders  Min kW Max kW  

0 10 66  

10 40 292  

40 80 48  

80 160 14  

300 500  14 

500 1000  13 

1000 4000  29 

 

 

 

Table V-5: The Number of Feeders/Transformers within Different Average Hourly 

Load Ranges 

Average Hourly Load Range Number of 

Transformers  

Number of 

Feeders  Min kW Max kW  

0 10 66  

10 40 292  

40 80 48  

80 160 14  

300 500  14 

500 1000  13 

1000 4000  29 
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5.3 Load Estimation Envelopes 

The estimation envelope is constructed using the hourly maximum value and hourly 

minimum value of the FDWSSM model estimated loads. Thus, each plot in Figure 5-3 contains 

estimated hourly load values for the maximum, minimum, and average, and the actual AMI load 

measurements. For four different days, February 1st and 3rd and August 1st and 2nd, the actual AMI 

load profile curves are situated within the boundaries of the estimation envelopes, whose 

boundaries are defined by the maximum forecasted load curve (in orange color) and the minimum 

forecasted load (in yellow color).  

The estimation envelope can be used to determine if a load data point is an erroneous 

reading or an outlier, which can be filtered out. The estimation envelope can also be used to 

 

A: Forecasted Winter Weekday Load vs. AMI Load 

 

B: Forecasted Winter Weekend Load vs. AMI Load 

 

C: Forecasted Summer Weekday Load vs. AMI Load 

 

D: Forecasted Summer Weekend Hourly vs. AMI Load 

Figure 5-3: FDWSSM Estimation Envelope Plots 
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determine the equipment rating/size. Since this envelope is a detailed hourly data set, the 

equipment sizing can be evaluated thoroughly at all time points, not just at the peak.  

The data in Table 5-6 shows that over 94% of the original AMI hourly load data for the 

feeders and transformers is contained within the boundaries of the estimation envelopes generated 

by the FDWSSM load models.  These extreme load estimates can be used in applications such as 

equipment sizing or system planning.  

5.4 Load Model Performance Evaluation 

5.4.1 Model Performance Metrics 

Commonly used performance metrics in load modeling are Mean Absolute Percentage 

Error (MAPE in equation 12), and Coefficient of Variation (CV in equation 13). 
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Table 5-6: Estimation Envelope vs. Original AMI Data 

 
Number of Original AMI Hourly Load in Feb. and Aug. 2014 

Outside Estimation Envelope Within Estimation Envelope Total 

Feeder 2,378 (3%) 76,918 (97%) 79,296 

Transformer 35,683 (6%) 559,037 (94%) 594,720 

 

 

Table V-6: Estimation Envelope vs. Original AMI Data 

  

Number of Original AMI Hourly Load in Feb. and 

Aug. 2014 

Outside 

Estimation 

Envelope 

Within 

Estimation 

Envelope 

Total 

Feeder 2,378 (6%) 76,918 (97%) 79,296 

Transformer 35,683 (6%) 559,037 (94%) 594,720 
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In electric load estimation, the time and magnitude of a daily peak is important. Two 

additional metrics are used in this research to evaluate the FDWSSM model’s performance. The 

first one is the Mean Absolute Percentage Error for the Daily Peak (Daily Peak MAPE in equation 

14), which is used to evaluate accuracy of the estimated daily peak.  
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The second metric is the Mean Absolute Peak Time Error (MAPTE in equation 15), which 

is used to evaluate the accuracy of the estimated time at which the daily peak occurs.  
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The last performance metric used in this research is the Pearson Correlation Coefficient 

(PCC), defined in equation 16. PCC ranges from -1 to 1, where 1 means total positive correlation 

and 0 means no correlation. This metric is used to evaluate the strength and direction of a linear 

relationship between the original AMI hourly load data and the FDWSSM model’s estimated 

hourly load data.  
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5.4.2 Load Model Performance 

The estimated hourly load data MAPE and Daily Peak MAPE values for the transformers 

and feeders are presented in Figures 5-4 plot A to D. Table 5-7 summaries these two performance 

metric distributions in different percentage error ranges, showing the absolute number of 

 
A: Transformer MAPE & Daily Peak MAPE 

 
B: Feeder MAPE & Daily Peak MAPE 

 

C: Transformer CV & PCC 

 

D: Feeder CV & PCC 

Figure 5-3: Model Performance Metrics Comparison 
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transformers or feeders in each percentage range along with the percent of the transformers or 

feeders in the percentage range. The data shows that more than 85% of the estimated transformer 

hourly load data has MAPE and Daily Peak MAPE values that are less than 20%. The data also 

shows that 85.7% of the estimated feeder hourly load data has MAPE values that are less than 10%, 

and that 73.2% of the estimated feeder load data has Daily Peak MAPE values that are less than 

10%.  

The CV and PCC values of the estimated load data are presented in Figures 5-4 plot C 

(transformers) and plot D (feeders). For the plot C, there are more than 70% of the estimated 

transformer load values have PCC values that are more than 0.8. Also, about 60% of the estimated 

transformer load values have CV values that less than 20%. All feeder estimated load values have 

CV values that are less than 10%, and 88% of the estimated feeder load values have PCC values 

that are more than 0.8.  

The MAPTE values are summarized in Table 5-8. All feeder daily peak time estimates are 

within 2 hours of the original AMI daily load profile peak time. Only about 9% of the transformer 

daily peak time estimates are 3 hours from their corresponding AMI data measured peak time.  

The performance metric data shows that in general the FDWSSM estimation performs 

better on the feeders/transformers that have larger loads. The MAPE and Daily Peak MAPE values 

Table 5-7: Error Range Distributions for MAPE and Daily Peak MAPE 

Error Range MAPE Daily Peak MAPE 

Number of Transformers  

0% to 10% 47     (11.2%)  28     (6.7%) 

10% to 13% 178     (42.4%) 176   (41.9%) 

13% to 20% 151     (36.0%) 156   (37.1%) 

20% to 30% 44     (10.5%) 60   (14.3%) 

Number of Feeders  

% to 10% 48    (85.7%) 41   (73.2%) 

10% to 15% 8    (14.3%) 15   (26.8%) 

 

 

Table V-7: Error Range Distributions for MAPE and Daily Peak MAPE 

Error Range MAPE Daily Peak MAPE 

Number of Transformers  

0% to 10% 47     (12.5%)  28     (6.7%) 

10% to 13% 177     (47.1%) 176   (41.9%) 

   

13% to 20% 151     (40.4%) 156   (37.1%) 

20% to 30% 44     (11.7%) 60   (14.3%) 

Number of Feeders  

% to 10% 48    (85.7%) 41   (73.2%) 

10% to 15% 8    (14.3%) 15   (26.8%) 
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have very similar trends. For feeders or transformers with smaller aggregated loads, the FDWSSM 

tends to have larger MAPE and Daily Peak MAPE values. This indicates a higher level of volatility 

of the aggregated load profiles, which leads to lower levels of predictability and higher estimation 

errors. 

The CV and PCC values of the model also improve as the load gets bigger, which indicates 

that larger loads tend to have more stable load profiles. The larger feeder and transformer PCC 

values approach 1, which indicates the estimated load profiles have a strong and linear correlation 

with the corresponding original AMI hourly load profile.  

5.4.3 Comparison with Other Models 

There are a limited number of medium term load models based on AMI load data for 

transformers and feeders reported in the literature. In [26] the short-term load estimation mean 

MAPE for residential customers is 29%. Reference [26] also estimates the MAPE errors ranges 

from 24% to 45% for residential customers, whose hourly energy usage ranges from 1kWh to 

4kWh. In [5] the medium term MAPE of the daily peak forecast error is about 38%. 

The performance metric data in Table 5-7 shows that the FDWSSM model consistently 

performs better than the aforementioned models in term of MAPE values. The Daily Peak MAPE, 

CV and PCC data in Figure 5-5 also indicate the FDWSSM model also performs better, not only 

in term of estimating daily peak magnitude and time, but also in terms of the overall shape of the 

hourly load pattern. 

Table 5-8: Error Distributions for MAPTE 

MAPTE Under 2 Hour 3 Hour 

Number of Feeders 56   (100%)  

Number of Transformers 381   (91%) 39   (9%) 

 

 

Table V-8: Error Distributions for MAPTE 

MAPTE Under 2 Hour 3 Hour 

   

Number of Feeders 56   (100%)  

Number of Transformers 381   (91%) 39   (9%) 
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Figures 5-5 plot A and B show comparisons between the FDWSSM model MAPE and CV 

values and the ideal empirical MAPE and CV values of five different algorithms proposed in [26], 

referred to as M1, M2, M3, M4, and M5. M1, M2 and M3 are Seasonal ARMA models, M4 is a 

Support Vector Regression model, and M5 is a Feed Forward Neural Network model.  

 When plotted against the average hourly load, the MAPE and CV values of the FDWSSM 

model exhibits a very similar pattern to all of the M1-M5 models. On average the MAPE and CV 

values of the FDWSSM model are about 40% different than the M1-M5 population average 

performance metric values, which are calculated using equation 5 and 6, along with the Scaling 

Law Fit parameters listed in tables 2 and 3, of reference [26].  

 There are two contributors to these differences: 1) The FDWSSM model deals with load 

patterns over a longer time frame than the short-term forecasting methods of [26]. 2) The limited 

coverage of the AMI data used in the FDWSSM model. The model was built using only 10 months’ 

worth of AMI load data for a limited number of transformers and feeders. 3) The ideal empirical 

MAPE and CV curves were generated using data from Pacific Gas & Electric, which serves a 

region where weather diversity, mild summer and winter, is low. The AMI data used here was 

collected from the Mid-Atlantic region, which generally has a hot, stormy, summer season and a 

 

A: Feeder MAPE Comparison 

 

B: Feeder CV Comparison 

Figure 5-4: FDWSSM vs. M1-M5 MAPE, CV Comparison 

 

 

 

Figure V-5.A: Feeder MAPE Comparison 

 

Figure V-5.B: Feeder CV Comparison 
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cold winter season. Thus, the seasonal weather pattern of the Mid-Atlantic region is in general 

more diverse than that of California, leading to larger load variations that are more difficult to 

forecast.  

D. Computational Performance 

The construction of the FDWSSM model, the daily 24-hour load profile estimation, and 

FDWSSM model performance evaluations were all performed on a 64-bit, Window 7, Pro Laptop 

equipped with 16G RAM, 500GB hard drive, and an Intel I7 CPU. All related software modules 

are developed using Microsoft C# 4.0 and the T-SQL language. The original hourly AMI load data, 

the hourly weather data, the load model parameters, and the estimated hourly load data are all 

stored in a Microsoft SQL Server 2014 database on the same laptop.  

As discussed in section II, the FDWSSM model is constructed with a set of orthogonal 

frequency domain components which can be analyzed in parallel. The software modules used to 

calculate the frequency domain load model coefficients are implemented utilizing the parallel 

processing capability in the SQL server and C# language. The data in Table 5-9 shows that the 

time complexity of the load model construction and load estimation algorithm approximates the 

desirable linear ( )O n . 

Table 5-9: Execution Time for FDWSSM Model Construction & Load Estimation 

 Execution Time (second) 

56 Feeder 420 Transformer 

Model Construction 33 275 

Load Estimation Time (second) 

Single Run 3 26 

15 Runs 53 401 

30 Runs 106 850 

60 Runs 210 1563 
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5.5 Summary 

The Frequency Domain Weather Sensitive Stochastic Model (FDWSSM) provides a 

flexible, efficient and scalable solution for estimating the load profiles for transformers and feeders.  

The model is driven by non-temporal parameters and is flexible to incorporate many partitioning 

parameters (weather, customer class, spatial…). The model can generate a load estimation 

envelope, which can be used in detecting, filtering error/outlier electric load data. It can also be 

used to determine the equipment size. Using historical weather data, this load model can be used 

in data interpolation, back-cast and filling data gap of various size with known weather data as 

shown in the following plot (the blue line is the estimated line which can replace the erroneous 

data in original SCADA data in orange). The model can also be used in load forecasting with 

forecasted weather data. 

 

The proposed load model construction and estimation process can take advantage of the 

distributed, parallel computing environments because each frequency domain component in the 

model can be calculated and analyzed independently. 

Five performance metrics were used to evaluate the performance of the FDWSSM model, 

and the calculated metrics were compared with results from other models reported in the literature. 

From the performance evaluations and comparisons, the FDWSSM model exhibits good 

performance in terms of medium term forecasting. 
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In future work, it is planned to investigate the use of the FDWSSM model in load 

forecasting for large scale, integrated systems with detailed secondary circuits models.  
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Chapter 6: Contributions and Further Research 

6.1 Contributions 

From the proliferation of AMI load data and other load data monitoring technologies in 

recent years, the utility industry has accumulated vast amounts of high-resolution load data. There 

is a need for an analysis framework that can be used to gain insight into load behavior and answer 

questions such as:  

 How does a customer or network’s load profile behave under different conditions?  

 What kind of patterns exist in the load profiles of various customer types?  

 How will the load profiles behave in the future based on their historical 

performance?  

The knowledge extracted from load data can play important roles in load forecasting, demand-side 

management, resource planning, and other areas. This research has provided contributions to the 

above questions. 

This work has contributed new terminologies and algorithms for modeling load profile data 

in the frequency domain. It has provided the following three major contributions in the field of 

load modeling:   

1. The load profile frequency domain descriptor introduced in chapter 2. This 

descriptor is more concise and consistent than the traditional temporal-based 

representations. It can be used to quantitatively describe a load profile as a set of 

independent frequency domain components. These components are orthogonal to each 

other, which makes the computational approach suitable for a parallelized computing 

environment, which is important to the processing of the vast amounts of load data.  
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In the frequency domain, it has been demonstrated that the majority of the energy of 

customer load profiles reside within the lower frequency descriptor components, which 

is to be expected for normal loads. By keeping these low frequency components, and 

by eliminating low magnitude, high frequency components (noise, errors, and sudden, 

unusual load spikes or drops), the length of the load descriptor can be potentially 

shortened substantially without losing much resolution and accuracy.   

2. The load profile characteristic attributes in the frequency domain which are presented 

in chapter 3. These attributes are used to characterize significant periodic patterns that 

are contained in a load profile. Currently most utilities still categorize their customers 

based on economic factors (charge rate). Having the load profile characteristic 

attributes, a utility will be able to categorize customers based on their load behavior, 

and by doing so, determine more equitable rates.  

In addition, a wavelet technique has been introduced in chapter 4, which can be used 

to identify and eliminate abnormal/erroneous measurements in load profiles.  

3. The load profile, frequency domain, stochastic model introduced in chapter 5.  This 

model is constructed using the frequency domain statistics calculated from the 

historical load data sets partitioned by meteorological data. The model has the 

flexibility to incorporate other parameters, such as geographical and sociological data. 

The stochastic load model can be used in Monte Carlo simulations to generate a load 

estimation envelope which presents a range of possible values for an estimated load 

profile.  It is suitable for medium to long term load forecasting. 

The key contributions of the work here may be summarized as follows:  
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 A new, generic, frequency domain load profile descriptor, that can quantitatively 

represent any time-series load profile data, is introduced.  

 A new method for extracting the frequency domain pattern characteristic attributes 

for any time-series, load profile data is introduced. By utilizing these new attributes, 

a generic, decision tree based, load classification algorithm is presented. 

 A new generic, frequency domain, statistical based, load modeling algorithm is 

introduced.   
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6.2 Future Research 

The proposed framework presents an alternative direction for load modeling. There are 

many enhancements that can be investigated in future research, including the following: 

1) Integrate the proposed load model with a detailed, system interconnected model to 

simulate and forecast the system load behavior.  

2) Investigate modeling other significant, non-periodical patterns in load profiles. 

3) Building out a comprehensive and self-upgradable load profile database with data 

from various sources. Such a database could be shared among utilities to improve 

their load modeling efforts.  

4) Investigate incorporating other potentially influential parameters into the new load 

forecasting technique.  

5) Incorporate PV and other renewable energy generation into the framework, thus 

creating a load-generation framework.  
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