-

View metadata, citation and similar papers at core.ac.uk brought to you byfz CORE

provided by Ghent University Academic Bibliography

Modeling and Analysis of Residential Flexibility:
Timing of White Good Usage

N. Sadeghianpourhamami®*, T. Demeester®, D. F. Benoit?, M. Strobbe?, C. Develder®**

“Ghent University — iMinds, Dept. of Information Technology — IBCN,
Technologiepark Zwijnaarde 15, BE-9052 Ghent, Belgium
bGhent University, Faculty of Economics and Business Administration,
Tweekerkenstraat 2, BE-9000 Ghent, Belgium

Abstract

Challenges that smart grids aim to address include the increasing fraction of supply by renewable energy
sources, as well as plain rise of demand, e.g., by increased electrification of transportation. Part of the
solution to these challenges lies in exploiting the opportunity to steer residential electricity consumption
(e.g., for flattening the peak load or balancing the supply and demand in presence of the renewable energy
production). To optimally exploit this opportunity, it is crucial to have insights on how flexible the residential
demand is. Load flexibility is characterized by the amount of power, time of availability and duration of
deferrable consumption. Residential flexibility however, is challenging to exploit due to the variation in
types of customer loads and differences in appliance usage habits from one household to the other. Existing
analyses of individual customer flexibility behavior in terms of timing are often based on inferences from
surveys or customer load patterns (e.g., as observed through smart meter data): there is a high level of
uncertainty about customer habits in offering the flexibility. Even though some of these studies rely on
real world data, only few of them have quantitative data on actual flexible appliance usage, and none
of them characterizes individual user behavior. In this paper, we address this gap and contribute with:
(1) a new quantitative specification of flexibility, (2) two systematic methodologies for modeling individual
customer behavior, (3) evaluation of the proposed models in terms of how accurately the data they generate
corresponds with real world customer behavior, and (4) a basic analysis of factors influencing the flexibility
behavior based on statistical tests. Experimental results for are based on a unique dataset from a
real-life field trial.

Keywords: Generative model, Flexibility Characterization, Smart Grid

1. Introduction

The rapid integration of renewable energy sources into the power grid and their intermittent nature has
created a need for flexibility in energy demand. Flexibility is generally regarded as the amount of load that
is shiftable over various time scales and is quantized by 3 parameters [1]: (1) the amount of deferrable energy
(i.e., the amount of energy that can be delayed without jeopardizing customer convenience or quality of the
task to be fulfilled by a smart device), (2) the time of availability (i.e., the time at which a customer offers the
device flexibility for exploitation), and (3) the deadline to exploit the offered flexibility (i.e., the maximum
allowable delay for the energy consumption). Once flexibility is known and thus adequately characterized,
it can be utilized by demand response (DR) algorithms to coordinate the demand-supply balance in the
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network. Various DR algorithms have already been proposed to exploit such flexibility: for an overview, we
refer to [2] and [3]. Hence, proposing a new DR algorithm is not our focus.

Our main objective is to characterize and model the flexibility as DR’s main asset, to improve the
efficiency of DR assessment. One of the main challenges in the widespread deployment of DR, algorithms
(especially in the residential sector) is the uncertainty surrounding their impact [4,[5]. A poor understanding
of flexibility characteristics as DR’s main asset leads to inefficient DR assessment and uncertain conclusions
(i.e., accurate evaluation of DR algorithms is impossible without in-depth analysis of the flexibility param-
eters). The outcome of our flexibility modeling and characterization (which is based on a unique dataset
from a real-life field trial) can foster more realistic assessment of the potential impact of DR algorithms and
pave the way to their realization in smart grid.

Flexibility of large industrial customers has already been extensively assessed and exploited by long
standing programs (e.g., [6, [7, 8, @] [0]). Since the inception of the smart grid, that industrial flexibility has
increasingly been complemented by residential flexibility. Residential customers form a promising source of
flexibility due to their widespread distribution and substantial share of electricity market and hence are the
focus of our study here.

Residential flexibility however, is challenging to characterize due to the large variety of appliances and
their diverse consumption patterns, as well as the uncertainty associated with appliance usage due to different
usage habits among various households. A substantial amount of research has analyzed the flexibility
potential of residential customers from various perspectives. A brief overview is presented in the next
section.

1.1. State of the Art in Residential Flexibility Assessment

Methods to assess residential flexibility potential in literature can be categorized into two main streams,
according to the objective they pursue: DR-based and DR-independent methods. The DR-based methods
are often tailored to the underlying DR scheme (i.e., price-based or incentive-based DR) and their main
objective is to model the responsiveness of customers to price signals or incentive programs. In price-
based DR schemes, an elasticity matrix models customer flexibility as changes in aggregated demand in
response to price changes [1T], [12] [13] [14]. However, an elasticity matrix can only measure the aggregated
flexibility potential and not the appliance specific flexibility. Price-demand models based on mixed integer
linear programming (e.g., [I5]) or probabilistic models (e.g., [I1 [16]) are proposed to predict the customer
consumption patterns from the appliance level perspective in response to dynamic prices. For incentive-based
DR schemes, Hu et al. [I7] propose a stochastic model to assess the probability distribution of residential
demand in response to certain incentives. The proposed residential responsive demand model is formulated
with consideration of the customer portfolio and household characteristics obtained from time-of-use surveys,
rather than actual measurement of real behavior.

One of the limitations of DR-based approaches is that any quantization and assessment of flexibility
potential is inevitably influenced by the underlying DR algorithm. Additionally, the impact of the underlying
DR algorithm on the flexibility is not measurable. In other words, customers might exhibit different flexibility
behavior when assessed with other DR-based methods. Hence, the outcome of the analysis of a particular
DR-based method cannot be employed to reliably assess the impact of different DR algorithms. Instead,
DR-independent methods (including the modeling approaches in this paper), offer an unbiased analysis
where the customer flexibility behavior is not influenced by the specifics of any DR algorithm.

In DR-independent methods, the main objective is to model customer flexibility potential (independent of
the underlying DR scheme) and subsequently use the model to assess the potential impact of DR algorithms
on peak load reduction or demand-supply balancing. Some of these methods are derived merely based on
appliance energy usage patterns that are either obtained from sub-metering of household appliances [I8] or
assumed by studying the characteristics of the various appliances [19]. Analyzing the flexibility potential
based on appliance energy usage patterns provides insights about the potential amount of deferrable energy
of each appliance. However, it does not completely characterize the flexibility potential because customer
behavior, affecting the time of availability and deadline to exploit the offered flexibility, is not accounted
for. One of the popular means to take into account customer appliance usage habits in the flexibility



model is collecting time-of-use surveys. Laicane et al. [20] performed a time-of-use survey on a four-person
household to determine its appliance usage behaviors, particularly for washing machine and dishwasher,
to quantify the flexibility potential. The model was then used to shift appliance usage accordingly for
peak load reduction. Safdarian et al. [2I] used a similar approach on 1600 Finnish households to assess
the benefits of demand response on the operation of distribution networks. However, time-of-use surveys
may be inaccurate in modeling the customer appliance usage habits because they indicate the self-reported
behavior of the customer, which may differ from the real behavior.

Another approach taken by DR-independent methods is to obtain a time series estimate of flexibility
of residential customers based on the clustering of their load profiles. Kouzelis et al. [22] proposed a
methodology for analyzing the flexibility potential of residential heat pumps in a probabilistic way from the
aggregated load profile of the customers. The proposed methodology compares the load profile of the flexible
customer with electrically similar non-flexible customers by means of clustering the customer load profiles and
then statistically infers the flexibility potential thereof. Labeeuw et al. [23] also used clustering of customer
load profiles to derive a time series estimation of load curves and determine demand reduction potential
of wet appliances in terms of amount of deferrable load only (without assessing the flexibility duration).
They additionally incorporated attitude measurements based on questionnaires in their studies to account
for customers willingness to participate in DR based on survey data. Despite valuable contributions of these
approaches in terms of amount of deferrable energy and time of availability, they do not give any assessment
of the deadline to exploit the flexibility due to limitations in their measurements.

In both of the aforementioned DR-based and DR~independent categories, modeling of customer respon-
siveness to participate in DR algorithms is not based on real-word scenarios where households are provided
with smart appliances and required to configure their appliances flexibly. Hence, the uncertainty about lim-
itations of DR algorithms due to the differences in customers’ real-life (power consumption) habits remains
largely unresolved. To address this gap, Kobus et al. [24] conducted a longitudinal study for one year over 77
Dutch households. Each household was given a smart washing machine, and an energy management system
that received daily dynamic prices. The customers’ behavioral changes with respect to a reference group
was then studied for a full year to explore the potential role of smart appliances in shifting real electricity
demand of smart washing machines in response to dynamic tariffs. Still, a limitation of this valuable work
is that the analysis is tailored specifically to the underlying DR scheme.

D’Hulst et al. [25] also have based their analysis on a real world scenario where customers are provided
with a platform to operate their smart devices and offer their flexibility for DR exploitation. The probabilistic
analysis of time of configuration as well as the duration of provided flexibility is performed for various
appliances. Their analysis is based on the LINEAR pilot project [26] in which 15 minute based measurements
were collected from 418 appliances in 186 Belgian households. The analysis in [25] was independent of the
underlying DR scheme that harnessed the flexibility potential, hence inferring a better estimation. However,
the analysis of the flexibility potential is performed on an aggregated level and does not model individual
household flexibility.

1.2. Motivation and Contributions

The residential flexibility potential has been extensively analyzed in terms of the amount of shiftable
energy. However, the assessment of customer appliance usage habits in terms of when and for how long the
flexible device is available for DR exploitation, is usually based on survey data and this may limit the analysis
accuracy. Although D’Hulst et al. [25] provide a probabilistic analysis of the time of the configuration and
deadline to exploit the flexibility, the analysis is at the aggregated appliance level. Also, [25] is limited
to analysis only: they do not offer a generative model (that could be used, e.g., to generate data that is
representative of reality, for simulation of DR). Such a generative model of (individual) customer flexibility
based on real world data is missing in the literature. We have addressed this gap by modeling the residential
flexibility in terms of configuration time and deadline, for individual households and appliances.

The primary motivation to develop a generative model of customer flexibility behavior, derived from a
real dataset, is that such a model sharpens the definition of flexibility and fosters a more realistic analysis of
residential flexibility potential by tackling not only the appliance load patterns, but also the uncertainties due
to their owner’s willingness to offer the available flexibility (for exploitation by DR algorithms). Additionally,
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Fig. 1: Flexibility profiles of four selected customers for dishwasher usage (times on z- and y-axis are time of day). Note that
the observations below the diagonal line denote deadlines on the day after the configuration time.

a parametric representation of customers allows for the comparison and selection of relevant customers for
energy efficiency programs or DR participation, without jeopardizing their privacy. Finally, parametric
models can be utilized for synthetic data generation, hence eliminating the need for time-of-use surveys and
resulting in more realistic assessment of the DR algorithms’ efficiency in harnessing the residential flexibility
for various objectives.

As a secondary objective, our modeling allows for examination of factors that might influence the cus-
tomer flexibility behavior. Identification of the underlying factors influencing the customer flexibility behav-
ior allows for more realistic assumptions about potential flexibility. It also may help to make more accurate
predictions of customer flexibility behavior.

Our analysis is based on real-world smart appliance usage (washing machines, dishwashers and tumble
dryers) as collected in the LINEAR pilot project [26] and offers these contributions:

1. We take a new perspective and instead of indirectly inferring flexibility from load profiles or time-of-use
surveys, we use direct measurement of flexible configuration times and deadlines to characterize flexibility

(Section [2.1)),

2. We propose two systematic methodologies to derive generative models for customer flexibility behavior
from data (Sections 2.2 and [2.3),

3. We test the accuracy of the proposed models in representing the real world data using sampling and
hypothesis tests (Section and

4. We analyze factors influencing the flexibility behavior using reliable statistical tests (Section .

To the best of our knowledge, we are the first to propose a generative model of individual customer
flexibility behavior towards a particular appliance. Note that this paper is a substantial extension of our
earlier work (which proposed a two-stage model) [I], since we now present (a) a new and more general,
single-stage model for the flexibility behavior, and (b) more extensive analysis. The latter includes assessing
both the accuracy of the proposed algorithms in regenerating the data (based on statistical tests), and the
factors influencing the flexibility behavior of customers. We also apply our models to customer data from
washing machine and tumble dryers in addition to dishwashers.

2. Methodology

In this section, we first explain the input features used to model customer flexibility behavior. We then
introduce two systematic methods to model the flexibility behavior of an individual residential household
towards a particular smart appliance. Note that our first model is proposed specifically for modeling customer
behavior that exhibits clear deadlines. We observed this behavior in dishwasher usage, an appliance that
has been attributed a high demand response potential [21], 27, 28]. Our second model is a more general
approach, which we found to be suitable for modeling all types of studied white goods (i.e., washing machine,
tumble dryer and dishwasher).



2.1. Quantitive Specification of Flexibility

Each time a customer configures a smart appliance, (s)he sets the flexibility duration, i.e., how long
the start of the device’s operation can be deferred. We therefore represent the flexibility using two param-
eters: (1) Configuration time, which is the time at which the smart appliance is configured flexibly, and
(2) Deadline, which is the latest allowed start time of the appliance and is calculated by adding the recorded
flexibility duration to the time of configuration. The flexibility profile is defined for a given customer and a
particular appliance, and is a model for his/her usage of that appliance. Note that we do not parameterize
flexibility by the amount of shiftable power, since this attribute has already been analyzed extensively in the
literature (e.g., [28]). The flexibility data for each customer and each appliance is obtained from year-long
measurements in the LINEAR pilot project [26] (see further, Section . Figure [1| depicts flexibility profiles
of four selected customers for their dishwasher. Each point on the graph of Fig. [I| represents a single usage,
with the configuration time on the z-axis and the corresponding deadline on the y-axis.

2.2. Model I: Two-Stage Single Variate Approach

Customer flexibility profiles for dishwashers in Fig. |1| suggest that (unlike washing machines and tumble
dryers, as we'll see later) dishwashers are usually configured with a typical deadline. For example, Customer
A has 3 typical deadlines around 5am, 10am and 4 pm. Configuration times are different for different
deadlines. For example, most of the configurations with deadline at around 5am are set in the late evening
and span until a few hours after midnight, whereas the configurations with 4 pm deadlines usually occur
during daytime from 8 am onwards. Given this typical customer behavior for dishwashers, our first model
proposes a two-stage univariate approach. In the first stage, we identify the typical deadlines of the cus-
tomer by using a clustering algorithm and estimate the probability P(deadline) proportional to the size of
the cluster for the respective deadline. For each cluster of deadlines resulting from Stage I, we then use
parametric probability distributions to model the corresponding configuration times in Stage II and obtain
P(configuration time | deadline). The joint distribution of deadlines and configuration times can then be
obtained by P(configuration time, deadline) = P(deadline) - P(configuration time | deadline).

2.2.1. Stage I: Identification of Typical Deadlines

The main objective of this stage is to use the deadline feature (y-axis in Fig.[1]) as the input to a clustering
algorithm to identify the typical deadline clusters and parameterize their distributions. For this purpose,
we adopt the G-means clustering algorithm [29] and change its hypothesis test (i.e., the Anderson-Darling
test of normality). For completeness, the G-means algorithm and our modifications are explained below.

A wide variety of algorithms have been proposed for clustering of load profiles (e.g., see [30]). Some
of the popular ones are K-means, expectation maximization, fuzzy K-means, hierarchical clustering, and
self-organizing maps. An overview of these algorithms and their performance comparison is presented in
[31]. G-means is a clustering algorithm based on K-means, with the capability of dynamically determining
the number of clusters using hypothesis tests, hence eliminating the challenging task of choosing the optimal
number of components in K-means. G-means is an iterative approach that starts with an initial value of k,
i.e., the number of clusters (starting with £ = 1 in absence of prior information). It then decides to split each
cluster into two new clusters if the data in the current cluster does not pass the Anderson-Darling test of
normality. After each iteration, the K-means algorithm is executed on the entire data to refine the solution.
The core assumption in G-means is that the data in each cluster is normally distributed. Since deadlines are
strictly positive, we instead assumed a Gamma distribution for the data in each cluster. Hence, we replaced
the Anderson-Darling test of normality with a one-tailed Kolmogorov-Smirnov (k-s) test at significance level
of 1% . We refer to this adaptation as I'-means.

2.2.2. Stage II: Parameterizing the Distribution of Configuration Times

In this stage, we employ probability distributions to model the corresponding configuration times for each
deadline cluster resulting from Stage I. Qualitative exploration of tuning data revealed that the empirical
distributions of configuration times are often multi-modal, skewed, and with heavy tails. These character-
istics suggested the use of finite mixture models (FMM) as parametric models to represent the unknown
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distributions as a mixture of known distributions. In what follows, we present the general definition of
FMMs.

Let X be an r-dimensional random variable with probability density function f(x), defined in the sample
space X C R" and arising from a K-component finite mixture distribution. The probability density of X
for all x € X is then defined as

K
160 = 3 mfiu(x), (1)
k=1

where fi(x) is the component-wise probability density function and 7y is the corresponding weight of the
component. n = (1, ...,7x) is called the weight distribution. 7 takes a value in the unit simplex e which

is a subspace of (R*)K defined by the following constraints:
e >0, m+n+...+n=1. (2)

Assuming that all the component densities arise from the same distribution family, 7(0), the mixture
density function is then written as,

FOe9) =D mefu(x10r), (3)

k=1

where f1,(x|6}) is the probability density function of the k' component indexed by the parameter 8 and
¥ = (04, ...,0k,7m) is the parameter vector of the mixture model.

To estimate the parameter vector ¥, we employ a Bayesian approach based on data augmentation and
Markov-chain Monte Carlo (MCMC) proposed by Schnatter [32]. The main difference between MCMC and
the classical expectation maximization (EM) algorithm based on maximum likelihood (ML) estimation is
that MCMC performs integration while EM does maximization. One of the key advantages of a Bayesian
approach over ML is the direct availability of confidence regions while for EM these may be inaccurate for
small data sizes because of the reliance on asymptotic approximations. Also, the Bayesian approach allows
including prior information in the estimation procedure.

The data augmentation and the MCMC algorithm by Schnatter [32] are briefly explained here for com-
pleteness. The main objective of the algorithm is estimating the component parameters, 1, as well as
the allocation vector S = (S1,S2,...,Sx) denoting the allocation of each observation to its corresponding
component in the mixture (S; = k if z; belongs to cluster k). This problem is interpreted as a missing
data problem. The augmented parameter (1, S) is estimated by sampling from the complete-data posterior
distribution based on the Gibbs MCMC algorithm. Schnatter’s MCMC algorithm is outlined in Algorithm T}

First, the algorithm uses the K-means clustering method to assign each observation to one of the K
mixture components and initializes the allocation vector S accordingly (Line . The algorithm then runs
for M + M, iterations (Lines . In each iteration, the component weights are sampled from a Dirichlet
distribution (Line [3)) and the parameters of each component of the mixture are sampled from the complete-
data posterior, given allocation vector and the observations (Lines . Once the samples of the weights and
the component parameters are drawn, the probability of belonging to a particular component is calculated for
each observation and each observation is then allocated to a component based on the calculated probabilities
(Line @ At the end of the algorithm, the first M draws are disregarded (Line @ and the remaining M
draws for (19, S) are returned (Line [3)).

The mixture parameters are identifiable at best up to an arbitrary permutation mainly because the
component number of the mixture is not a meaningful concept. This phenomenon results in the label
switching problem due to the invariance of the mixture likelihood function under relabeling the components
of a mixture model [32]. To solve this problem, [32] has proposed to apply random permutations of labels on
the draws of their MCMC algorithm to force balanced label switching and ensure that the sampler explores
the full mixture posterior distribution.

To choose the optimum number of components, we employ marginal likelihood denoted as P(X|ux)
where py is the k-component FMM model. The marginal likelihood measures the average fit of a model
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Algorithm 1: Schnatter’s MCMC algorithm

Input : data points (X, with |X| = N); number of components (K)

Output: Parameter vector of the mixture model (9); allocation vector (S) denoting to which

component each of the observations are assigned (if z; is part of cluster k, then S; = k).

Initialize S (based on the K-means algorithm);

repeat M + M, times

/* Given the allocation vector S, estimate the mixture parameters */

3 Sample n = (n1,...,mK) from the Dirichlet distribution D(e1(S),...,ex(S)), where
er(S) =eo+ Ni(S),k =1,..., K, and Ni(S) is the number of data points allocated to
component k of the mixture and eq is the prior of the Dirichlet distribution;

foreach k. =1,...,K do

L Sample the component parameter 8y from the complete-data posterior p(6x|S, x);

N =

/* Update the allocation vector S based on the sampled parameter vector ¥ */
6 Classification of each observation z; conditional on knowing 19, by sampling .S; independently for
eachi=1,..., N from the following discrete distribution: p(S; = k|9, z;) x p(z;|0k) nk;

Disregard the first My draws;
return M draws for (4, .S);

® =

to the data, whereas likelihood based or point estimators such as Akaike information criteria (AIC) [33] or
Bayesian information criteria (BIC) [34] base their decisions on the best fit of each competing model [35].
The use of the marginal likelihood also automatically penalizes the complexity of the model because complex
models spread their probability mass widely by predicting various possible outcomes, hence the probability
of actual data will be smaller for overly complex models.

2.83. Model II: Single Stage Bivariate Approach

The proposed two-stage univariate model is relatively simple since one-dimensional data is used for
modeling in each stage. Yet, it is therefore not possible to model arbitrary interactions between configuration
times and deadlines: Model I might not be very efficient when the customer does not make clear deadline
choices (i.e., the flexibility profile does not amount to groups of data points with a similar y-axis value, which
represents the deadline, such as Customer C in Fig. [1] or customer flexibility profiles for washing machine
and tumble dryer in Fig. [7] and Fig. [§] respectively). Indeed, for such cases, the clustering in Stage I of
Model I will produce multiple clusters of deadlines, each one in parallel with the z-axis, but this might not
be the best representation of the underlying data. Therefore, we propose a second methodology to model
the customer flexibility profile using a bivariate Gaussian mixture model (GMM).

In this scheme, a bivariate GMM is fit to the flexibility profile of the customer: both of the flexibility
features (i.e., deadline and configuration time) form the input to the model, and their joint probability
distribution is estimated in a single step. The same methodology based on Bayesian MCMC (explained in
Section is employed to fit the bivariate mixture model and select the optimal number of components.

3. Results and Discussion

We have applied our methodologies on the data from year-long measurements in the LINEAR pilot
project [20] for 3 types of white goods: dishwasher, washing machine and tumble dryer. The flexibility
data associated with each appliance is obtained from smart meters. Measurements are taken every 15 min:
a day is divided into 96 time slots and any customer configuration within the 15 min interval is reported
at the end of the interval, implying that the resulting customer flexibility profile is discrete. To make our
data continuous, we spread the measured data over the 15 min preceding the interval end times, by adding
random noise from a uniform distribution.



Customer 1 Customer 2 Customer 3 Customer 4 Customer 5

V'KQ.Q .
v L. .
.QQ 20 oo o .-!'.' g e ©
¢ : ' :
S _ e I S . .
S : cupem 1§ e 4 o o..m ° 3L '* “‘
S a
S
QQ'Q Customer 6 Customer 7 Customer 8 Customer 9 Customer 10
E S . . . . R .
g '\y . o, o - ‘. . e°.°
oo o %o o ° ey ©
£ . LD . s ki
~ o . ®oe . oot 3
QN . ° ° . e o 0o %3 - Po
g QQ . ° s, o. . o.o . - ° Ao ° -' ‘3.
T S . s . ol o = 08 e ° W
g |- L e >-aadil G EEs o BN oo o et W
a QQ s a hd
QQ"Q Customer 11 Customer 12 Customer 13 Customer 14 Customer 15
S s ® 0ot . ° °
(\Y . "’-‘ K] . L
QO F ot & Hvi,‘ﬁ oo
<OQ PR ° .1.0. ..’::' 0y 8° .’"'
~ b o, ce o o e " wad $ e o oo % .. K
Sk . A L * » & e . ...&'..w
I b .Q'..* ] "n‘o'\\ﬂq ° o ol % e XY P og Koo
S - -
Fe & & 8 & & S & & 8 £ & &8 £ £ 0©
N & N LV & N VRN & N VRN & N VNS & N v

Configuration time (hh:mm)

Fig. 2: Clusters of deadlines from Stage I in the customer flexibility profiles for dishwasher. Each cluster is shown in a different
color.

For each appliance, we considered customers with at least 100 configurations to increase the reliability of
the analysis, leading to a set of 15 test customers for dishwashers, 12 for washing machines and 8 for tumble
dryers. It is noteworthy that the proposed methodologies are implemented in MATLAB.

The results are presented in four subsections. In Sections and we model the distribution of the
flexibility profiles based on the test data using the proposed methodologies and present the resulting clusters.
In Section [3.3] we evaluate the efficiency of the derived models in reproducing the customer flexibility profile
when using them to generate synthetic data. We then apply x? and Fisher’s exact tests in Section to
examine the dependency of cluster membership on day-of-the-week, weekends, holidays and seasons.

3.1. Model I Parameter Fitting and Analysis of Resulting Clusters

Model T is suitable for flexibility profiles that have typical deadlines in their configurations (i.e., the
dishwasher profiles in our dataset). It is a two-stage univariate approach in which each stage models one of
the two flexibility features (i.e., the configuration time or the deadline). Hence, Model I allows to analyze
each of these flexibility features separately, as presented in the following subsections.

3.1.1. Stage I: Analysis of Deadline Clusters

Figure [2] shows the output at Stage I of the model, where I'-means clustering is applied to deadlines
(y-axis), for the test customers. The corresponding configuration times (z-axis) are also shown in Fig.
for further analysis and comparison of differences among the configuration times of various clusters. An
exploratory analysis of the outcome of Stage I on test customers reveals the following characteristics of
the customers’ flexibility profile for their dishwashers: (i) there are typically 2 to 3 deadline clusters, early
mornings (around 4-5am), late morning/noon (10-12 pm), and evening (around 5-6 pm), but the number of
deadline clusters varies among customers; (ii) for most customers, morning deadlines are more frequent and
the corresponding configuration times usually lie in the afternoon and late night. Such customers show a
more deterministic behavior compared to others: for example, Customer 1 has a substantial amount of data
in the cluster corresponding to the early morning deadline.

Fig. [3|shows the percentage of data in each deadline cluster of the test customers. Note that data are not
evenly distributed across the clusters: for 7 out of 15 customers, one cluster contains more than 90% of the
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Fig. 4: Example of a customer flexible configurations for dishwasher (Customer 6) during holidays vs. normal days over the
cluster of deadlines.

data (for most customers, one cluster has more than 50% of the data). This cluster represents the dominant
habit of the customer while other clusters reflect his exceptional behavior. Fig. [4] depicts an exemplary
customer whose flexible configurations are affected by holidays. As seen from Fig. [4] the data in the smaller
cluster, representing afternoon and evening deadlines, are usually configured during holidays, although a
substantial amount of configurations with early morning deadlines are still present during holidays.

However, these conclusions drawn from Fig. [4]should not be extrapolated to all the customers, as we will
show in Section [3.41

3.1.2. Stage II: Analysis of Distribution of Configuration Times

In this stage, the parametric model is developed to represent the distribution of the corresponding
configuration times of each of the resulting clusters in the previous stage. Looking back at Fig. [2] we observe
that for some clusters (e.g., those with early morning deadlines) the data in the lower left corner of the figure
is related to that in the right. It is sensible to say that configurations shortly after midnight are indeed the
tail of the ones at late evening and hence they are likely to belong to the same distribution. To account for
this, we changed the reference point from midnight to the middle of the largest gap in the configuration time
of each cluster (typically around 5-6 am). To model the configuration time distribution, we first focused on
the larger clusters (with more than 100 data points) to ensure reliability of our conclusions and then applied
the model to smaller clusters. In the following paragraph, we explain the three steps involved in choosing
and fitting a parametric distribution to test clusters.

Step 1 (choosing the right parametric distribution): We initially fit all valid parametric distributions to
the configuration times of test clusters and compared the fit using goodness-of-fit tests (e.g., BIC, AIC,
log-likelihood) as well as hypothesis tests (one tailed k-s test). From this analysis, we concluded that there
is not a unique single-component parametric distribution that can represent the data for all of the test
clusters. Also, for some clusters, none of the parametric distributions provides an acceptable fit. However,
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Fig. 5: Point process representation of posterior draws and PDF of the best fit for two randomly selected customers for
dishwasher.

Table 1: Log-marginal Likelihood, p(u|X) (larger values are better).

Cluster k=1 k=2 k=3 k=4

I -6563.95 -545.34 -595.17 -548.91
11 -5695.53 -554.89 -554.84 -559.87

for those clusters that could be represented by a single-component parametric distribution, the non-central
student distribution was usually the best fit. Further, the characteristics of the empirical distribution for
the majority of the test clusters suggested the use of FMMs for parametric modeling. Based on the initial
observation that suggested the non-central student distribution as a suitable fit, and the fact that a non-
central student distribution is approximated by a Gaussian distribution for a large enough sample, we fit
and compare the FMM from two families of distributions: Gaussian mixtures and student mixtures. To
compare the fit of the two models, we used marginal likelihood values.

Comparing marginal likelihood values reveals that the Gaussian mixtures are a more suitable model to
represent the data for all the test clusters. Hence Gaussian mixtures are employed for modeling and further
analysis of the distribution of configuration times of deadline clusters.

Step 2 (choosing the number of components): To select the optimal number of components of the mixture,
we employ the log-marginal likelihood together with a point process representation of the posterior draws to
avoid overfitting. The point process representation is a viewpoint introduced by [36] which represents every
component of the mixture in terms of its parameters. Next, we explain the overall procedure as well as the
point process representations with the aid of an example.

Table[I]shows the log-marginal likelihood for fitting Gaussian mixtures with different values for &, i.e., the
number of components of FMMs for test clusters. According to Table [T} the largest log-marginal likelihood
corresponds to k = 2 for Cluster I and k£ = 3 for Cluster II. The corresponding point process representation
of posterior draws for k = 2 and 3, as well as the probability density function (PDF) of the best fit is
shown in Fig. According to Fig. I), the point process representations of posterior draws for Cluster I
form well-separated clusters around the parameters of the mixture components for k£ = 2 but increasing the
number of components indicates overfitting because well-separated clusters corresponding to parameters of
each component are no longer seen in the point process representation plot. Hence, £ = 2 is the optimum
choice as suggested by log-marginal likelihood values. However, for Cluster II, the k& = 3 suggested by
Tableoverﬁts the data according to the point process representations shown in Fig. (II). Therefore, k = 2
is selected as the optimum number of mixture components for Cluster II. It is noteworthy that in Fig. [5]
the x-axis is changed from time to timeslot of a day (i.e., a value between 0 and 95) to ease the comparison
between point process representation and PDF of the best fits. Experimenting with test clusters suggests
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Fig. 6: Bivariate Gaussian mixture fits and the resulting MAP clusters for dishwasher (in distinct symbols and colors; contour
plots indicate the fitted distributions).

that when the difference in log-marginal likelihood of k and k4 1 components is smaller than 1, the smaller
number of components should be chosen to avoid overfitting.

Step 3 (determining the mizture component membership): Any data that is represented best with FMMs,
can be clustered based on the mixture component membership and hence be analyzed to identify the po-
tential factors influencing the component membership. We use the maximum-a-posteriori (MAP) clustering
algorithm to identify, with a certain probability, the component membership of each data point. MAP
identifies the allocation vector that yields the largest posterior probability. The optimum allocation vector
is easily obtained by keeping track of the allocation vectors and corresponding posterior probability at each
iteration of Schnatter’s algorithm (explained in Section .

Application of the outlined steps to deadline clusters of the test customers reveals that: (i) the majority
of the clusters are best represented with a 2-component Gaussian mixture model (and the optimum number
of components never exceeds 3), and (ii) the component weights are not uniformly distributed in the majority
of the clusters, meaning that there is typically one dominant cluster.

3.2. Model II Parameter Fitting and Analysis of Resulting Clusters

In this section, we fit bivariate Gaussian mixture models to our test data. Similar to Stage 2 of Model I,
we change the reference point to the middle of the largest gap seen in the configuration times (z-axis) of
the customer’s data, in order to ensure an acceptable continuity of the distribution of configuration times
over midnight. The summary of the estimated model parameters are tabulated in the Appendix.

The results of fitting Model II to flexibility profiles for dishwashers are depicted in Fig. [6] for 4 example
customers. The contour plots in Fig. [f] indicate the bivariate Gaussian mixture fits. We have also employed
MAP clustering to assign each point to a single component (as explained in Subsection Step 3). The
resulting MAP clusters are shown using distinct colors and symbols in Fig.[6] Unlike clusters in Model I, the
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and colors; contour plots omitted for clarity).
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Fig. 8 Bivariate Gaussian mixture fits and the resulting MAP clusters for tumble dryer flexible usage (in distinct colors;
contour plots omitted for clarity).

clusters in Model IT are not always aligned in parallel with the xz-axis (i.e., do not have similar deadlines).
Two categories of clusters are observed in Model II: (i) clusters with similar deadlines (i.e., horizontal ones),
and (ii) those in which the customers configure the device with similar flexibility duration (i.e., clusters in
parallel with the = y diagonal line). This shows the versatility of Model II in accommodating various
types of customer behaviors (i.e., configurations with similar deadlines or similar flexibility durations).

We also applied Model II on the customer flexibility profiles for washing machines and tumble dryers
(refer to the tables in Appendix for a summary of the model parameters). The resulting clusters are shown
in Fig. [7] and Fig. [§] for washing machine and tumble dryer respectively. The aforementioned categories
of clusters are also observed in the flexibility profiles for washing machines and tumble dryers. As seen
from Fig. [7] and Fig. [ for the majority of customers using a washing machine or tumble dryer, their
configurations with similar deadlines (early morning) usually are in the late evening and span to few hours
after the midnight. The configurations throughout the day all have a similar flexibility duration (resulting
in clusters roughly parallel to the = y diagonal). In addition, there are clusters with similar configuration
times but different deadlines (i.e., vertical ones) for some customer flexibility profiles for washing machine
and tumble dryers (e.g., Customers 2, 3, 6, 7 and 8 in Fig. [§] and Customers 2, 3 and 7 in Fig. @ Such
vertical clusters are not observed in customer flexibility profiles for dishwashers.

3.8. Analysis of Model Efficiency for Data Regeneration

In this section we analyze the efficiency of the models in regenerating the customers flexibility profile.
To achieve this objective, we first model a customer using our proposed methods. Each method yields a
probabilistic model of the customer’s data. We note that in Stage I of Model I, we model the data in each
deadline cluster using a gamma distribution. Hence, we represent the overall data as mixture of gamma
distributions where the parameters of each component of the mixture are equal to the underlying gamma
distribution in each deadline cluster. The weight of each component in the mixture is calculated by taking
the ratio of the corresponding deadline cluster size to the overall data size. We then generate 500 sample
sets of the same size as the original data (from which the models are derived). Each sample set is compared
to the original data using a two tailed k-s test to determine whether the sample and the original data come
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Table 2: Analyses of model efficiency in regenerating the customer flexibility profiles: percentage of times the null hypothesis
is not rejected. (Note that the same customer numbers across devices do not necessarily correspond to the same users.)

Dishwasher Washing Machine Tumble Dryer
Customer Model I Model I  Customer Model I Customer Model II

1 0.0% 90.4% 1 100 % 1 100 %
2 83.2% 95.2% 2 100 % 2 100 %
3 0.2% 99.2 % 3 100 % 3 100 %
4 7.8% 99.2% 4 98 % 4 91 %
5 31.4% 89.8% 5 100 % 5 100 %
6 0.0% 97.2% 6 100 % 6 100 %
7 0.0% 61.2% 7 100 % 7 100 %
8 0.6 % 99.8% 8 100 % 8 100 %
9 48.0% 95.4% 9 100 %

10 99.6 % 99.6 % 10 100 %

11 77.2% 100.0 % 11 100 %

12 99.2% 99.8% 12 100 %

13 99.6 % 99.8%

14 98.2% 100.0 %

15 98.2% 99.0%

from the same distribution. The null hypothesis is that data and sample come from the same distribution
and the alternative hypothesis is that they do not. It should also be noted that since the original k-s test
is developed for one-dimensional data, we have applied the extension of the k-s test to bivariate data, as
proposed by [37].

Table shows the percentages of times the test fails to reject the null hypothesis at 5% significance level.
As seen from Table 2| for most of the customer flexibility profiles (of all 3 categories of white goods) more
than 90% of the samples generated by Model II are not rejected by the hypothesis test and hence, may be
representative samples.

For dishwashers, Model II outperforms or matches Model I in re-generating the data, although for some
customers they perform equally well. Yet, for some customers, Model I never generates a sample that
can be considered to be representative of the original data. Investigating these cases, analysis reveals that
although data in each cluster follows a Gamma distribution (due to I'-means clustering), for customers with
very deterministic behavior (i.e., very narrow deadline windows in each deadline cluster), representing hard
clusters of deadlines with a mixture of Gamma distributions does not regenerate a sample representative of
deadline distributions. We conclude this from a one dimensional two tailed k-s test by considering deadline
feature of customer flexibility data: the null hypothesis (i.e., data arising from the mixture of Gamma
distribution) is always rejected for customers with very narrow spread in their deadlines.

Despite the fact that Model I often does not represent the data as successfully as Model II, it still has
the benefit of simplicity, both in constructing the model and in interpreting it (e.g., clear identification of
typical deadlines, which is characteristic of several dishwasher flexibility profiles).

3.4. Dependency Analysis Using Statistical Tests

To investigate the dependency of resulting clusters of each model on potential determining factors,
including weekends, day-of-a-week, holidays and seasons, we employ x? and Fisher’s exact tests. Fisher’s
exact test is only employed when the conditions of the x? test are not met, mainly due to small data sizes in
some cells of the contingency table. Additionally, Fisher’s exact test is only applicable for 2 x 2 contingency
tables: for larger tables, extensions of Fisher’s test are employed (e.g., Freeman-Halton’s extension [38] for
2 x 3). We define our null and alternative hypothesis for a ‘factor’ as follows:

o Null hypothesis: cluster membership and ‘factor’ are independent,
o Alternative hypothesis: cluster membership and ‘factor’ are dependent.
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Table 3: p-Values of dependency tests in Stage I of Model I for dishwasher usage. (Bold values indicate a p-value less than 0.05
and shaded rows indicate customers affected by at least one ‘factor’.)

(a) Holidays, weekends and seasons

p-Value p-Value p-Value p-Value p-Value

Cus- No. of Test p-Value

(holi- (week- . (sum- (au- (win-
tomer clusters type day) end) (spring) mer) tumn) ter)
1 2 Fisher 2.9E-01 1.0E+400 6.2E-01 8.8E-02 5.7E-01 5.1E-01
2 2 Fisher 5.4E-01 5.3E-01 4.6E-01 3.4E-01 4.0E-01 3.8E-01
3 2 Fisher 2.1E-01 1.0E+400 5.6E-01 1.7E-01 5.8E-01 2.6E-01
4 2 Fisher 5.4E-01 1.0E+00 6.5E-01 5.5E-01 1.0E-01 2.8E-02
5 2 Fisher 1.0E+00 1.2E-01 6.2E-03 5.3E-01 3.8E-02 3.9E-01
6 2 Fisher 1.1E-02 4.4E-01 1.7E-01 7.6E-02 3.7TE-02 5.9E-01
7 3 Fisher 5.2E-01 5.2E-04 7.8E-01 8.4E-02 6.4E-03 2.0E-01
8 2 X2 8.8E-02 1.2E-04 4.3E-02 1.6E-01 9.0E-01 5.2E-01
9 2 X2 3.9E-01 2.8E-01 6.32E-02 6.9E-01 2.5E-01 1.2E-01
10 2 X2 2.8E-03 3.2E-01 8.5E-02 5.0E-02 4.7TE-03 5.2E-01
11 2 X2 9.5E-01 3.0E-01 1.03E-01 9.6E-01 1.4E-01 9.9E-01
12 3 X2 3.5E-01 1.8E-02 9.8E-01 1.8E-01 3.1E-04 8.6E-02
13 3 X2 5.1E-03 2.0E-01 2.1E-04 2.2E-02 5.0E-03 7.1E-02
14 3 X2 3.7E-01 7.7E-02 3.1E-01 2.4E-01 2.0E-01 2.2E-01
15 5 x2 7.7E-02 6.0E-02 9.8E-02 3.7E-01 4.9E-02 2.6E-02
(b) Day-of-the-week
Customer Sun Mon Tue Wed Thur Fri Sat

1 1.0E400 1.0E4-00 1.6E-01 1.0E+00 1.0E+00 1.0E4-00 1.0E4-00

2 1.0E400 1.0E4-00 1.0E+00 2.3E-01 3.1E-01 1.0E400 1.0E+4-00

3 3.6E-01 1.0E+4-00 6.3E-01 6.0E-01 6.1E-01 9.1E-02 2.3E-01

4 1.0E4-00 7.0E-01 6.7E-01 3.7E-01 4.1E-01 3.9E-01 1.0E4-00

5 6.9E-01 6.9E-01 3.5E-01 1.0E4-00 3.6E-01 5.6E-01 3.8E-02

6 1.0E+00 5.9E-01 1.0E+00 3.5E-01 1.0E+00 9.8E-02 2.1E-01

7 7.9E-01 2.9E-01 1.6E-01 5.0E-01 6.5E-01 1.7E-01 7.9E-05

8 8.8E-03 5.3E-01 1.1E-01 2.2E-02 5.9E-01 7.2E-01 2.2E-02

9 1.7E-01 3.4E-01 8.9E-01 1.3E-01 7.9E-02 6.4E-01 9.5E-01

10 3.6E-01 1.3E-01 8.4E-01 4.7E-01 6.1E-01 1.5E-01 8.0E-02

11 8.6E-01 9.3E-01 9.9E-01 2.8E-01 6.9E-01 8.1E-01 2.5E-01

12 6.6E-01 4.1E-01 9.0E-01 6.8E-01 8.3E-01 6.5E-02 4.8E-04

13 9.5E-01 2.7E-02 6.2E-01 8.5E-01 1.6E-02 6.2E-03 1.7E-02

14 9.1E-02 3.0E-01 3.2E-01 1.1E-01 3.1E-01 4.8E-01 5.6E-01

15 3.6E-01 3.9E-01 2.0E-01 2.7E-01 7.1E-04 7.2E-02 1.1E-01

The dependency tests are conducted at the 5% significance level. In other words, for p-Values larger
than 0.05, the test fails to reject the null hypothesis and hence does not conclude a dependency among the
considered ‘factor’ and clusters under analysis. The number of columns in the contingency table corresponds
to the number of deadline clusters for each customer. The contingency tables always consists of two rows.
For example, to test the dependency of cluster membership on weekends, the first row of the corresponding
table would contain count data for configurations on weekend days and the second row would contain the
configurations on all the other days of the week. Similarly, for a day-of-the-week factor, the contingency
table of each day would have count data for the particular day in one row and the configurations of the
remaining six days of the week on another row.

The outcome of the tests (for dishwashers only) for clusters in Stage I and Stage II of Model I are
summarized in Table [3] and Table [4] respectively.

Table a) shows that weekends, holidays and seasons may influence the behavior of some customers in
setting deadlines for their dishwasher. However, as mentioned earlier, the aforementioned factors do not
affect all customers behaviors similarly. Additionally, autumn seems to have a more pronounced effect on
customer deadlines than the other seasons. From Table b), we note that 6 out of the 15 customers (shaded
rows) have a dependency of dishwasher configuration times on at least one day of the week. While some
customers remain unaffected by day-of-the-week, some others are greatly influenced by this factor (e.g.,
Customer 15, for whom the null hypothesis is rejected for 4 days of the week).

Table [4] shows that holidays and seasons do not significantly affect the component memberships in
Stage II for the test deadline clusters from Stage I. However, weekends influence component membership for
5 out of the 10 test clusters. Additionally, 7 out of 10 test clusters have at least one day that influences the
component membership of their data points.
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Table 4: p-Values of dependency tests in Stage IT of Model I for dishwasher usage. (Bold values indicate a p-value less than
0.05 and shaded rows indicate customers affected by at least one ‘factor’.)

(a) Holidays, weekends and seasons

p-Value p-Value p-Value p-Value P-value

No. of Test p-Value

Clus- (holi- (week- . (Sum- (Au- (Win-
ter clusters type day) end) (Spring) mer) tumn) ter)
A 3 X2 6.9E-01 3.1E-01 3.0E-01 2.5E-01 2.1E-01 3.7E-01
B 3 Fisher 2.1E-01 2.5E-03 4.6E-01 4.6E-01 2.7E-02 1.7E-01
C 3 X2 4.9E-01 5.2E-03 1.0E+4-00 2.1E-01 8.4E-01 5.0E-01
D 3 X2 4.0E-01 3.4E-02 4.5E-01 4.3E-01 1.4E-01 5.9E-01
E 2 X2 6.8E-01 7.6E-04 2.2E-01 2.6E-01 6.0E-01 7.5E-02
F 2 X2 4.2E-01 6.5E-01 1.2E-01 5.0E-01 5.6E-02 6.3E-01
G 2 x> 3.7E-01 6.2E-02 9.5E-01 8.8E-01 3.4E-01 4.6E-01
H 3 Fisher 3.6E-01 4.7E-01 5.5E-01 6.4E-01 6.3E-01 4.4E-01
I 3 Fisher 1.7E-01 1.9E-01 3.9E-03 7.7E-02 1.5E-02 1.8E-01
J 3 x2 3.4E-06 8.7E-04 7.0E-01 2.7E-02 5.5E-01 1.5E-01
(b) Day-of-the-week
Cluster Sun Mon Tue ‘Wed Thur Fri Sat

A 9.9E-01 3.3E-01 4.4E-01 1.2E-01 3.5E-01 2.9E-02 6.9E-02

B 6.7E-03 8.1E-01 8.6E-02 4.2E-01 7.2E-01 8.3E-01 3.8E-01

C 6.8E-02 9.2E-01 1.2E-04 9.6E-01 6.9E-01 7.2E-01 5.5E-02

D 2.4E-01 3.3E-02 6.3E-01 2.4E-01 2.9E-02 1.0E+00 1.1E-01

E 7.8E-05 6.9E-01 3.5E-02 1.6E-01 2.7E-01 9.4E-01 9.4E-01

F 2.6E-01 3.0E-02 7.8E-01 4.0E-01 3.9E-01 3.8E-02 3.5E-01

G 3.1E-01 3.0E-01 2.5E-01 9.6E-01 1.6E-01 2.8E-01 1.9E-01

H 2.4E-01 6.9E-01 5.2E-01 7.8E-01 2.8E-01 6.9E-01 3.1E-01

I 1.0E-01 5.3E-01 3.1E-01 9.2E-01 1.2E-01 7.0E-01 6.5E-01

J 1.7E-04 8.8E-01 6.1E-03 2.3E-02 2.3E-01 2.9E-03 3.9E-05

We have also applied the dependency tests to the clusters of Model II to identify factors influencing the
cluster membership of a customer’s data points. The p-values of the dependency tests on dishwashers are
summarized in Table [5] We constructed similar tables for customer flexibility profiles for washing machines
and tumble dryers, however, we omit them from the paper to save space: below we summarize the main
observations.

For customer flexibility profiles for dishwashers: from Table[5] 5 out of 15 customers’ cluster membership
might be dependent on holidays, whereas more than 50% of the customers behavior is affected by weekends,
seasons and day-of-the-week factors. Among seasons, winter least influences the cluster memberships. The
results of Table [f also indicate that while not all customers are affected in a similar manner, from an overall
perspective, weekend, seasons and day-of-the-week factors influence more customers than the holiday factor.

For customer flexibility profiles for washing machines: only 3 out of 12 customers are influenced by
holidays, whereas, weekends, seasons and day-of-the-week factors affect 50% of the customers. Among
seasons, winter has the highest influence (6 out of 12) and autumn has the least (2 out of 12) influence on
cluster membership.

For customer flexibility profiles for tumble dryers: none of the 8 test customers are affected by holiday,
and only 1 customer is affected by seasons. On the other hand, weekend and day-of-the-week factors influence
more than 50% of the customers.

The main conclusion drawn from the dependency tests above is that customers not only exhibit different
behavior in offering the flexibility of their smart device, but also that they are affected differently by the
aforementioned factors. Hence, the assumption that flexibility will be offered by all customers in a similar
manner, is not supported by our data. It hence seems crucial to individually model customer behavior
in order to incorporate the uncertainties due to their distinct habits, and thus allow for a more realistic
assessment of DR impact.

4. Conclusion

Flexibility is characterized by (1) amount of deferrable load, (2) time of availability and (3) deadline
to exploit. Existing works have extensively studied However, and are challenging to analyze
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Table 5: p-Values of dependency tests for Model II for dishwasher usage. (Bold values indicate a p-value less than 0.05 and
shaded rows indicate customers affected by at least a ‘factor’.)

(a) Holidays, weekends and seasons

p-Value p-Value p-Value p-Value p-Value

Cus- No. of Test . p-Value .
tomer clusters type (holi- (week- (spring) (sum- (au- (win-
P day) end) pring mer) tumn) ter)
1 3 Fisher 3.8E-01 7.4E-01 5.1E-01 2.0E-01 8.3E-01 3.5E-01
2 4 x> 6.4E-01 1.8E-01 7.9E-03 6.2E-01 2.9E-01 6.7E-01
3 5 X2 3.8E-07 8.1E-03 3.4E-01 1.6E-01 8.6E-02 4.1E-01
4 4 X2 1.5E-03 1.7E-03 7.0E-01 4.0E-03 1.1E-01 9.0E-02
5 4 X2 8.9E-01 1.2E-01 4.9E-02 8.7E-01 1.6E-01 4.1E-01
6 5 X2 8.8E-03 2.1E-01 3.8E-02 1.3E-04 7.2E-02 1.6E-01
7 4 x> 7.0E-01 2.0E-02 1.6E-01 2.8E-02 1.7E-04 3.4E-01
8 4 e 1.6E-01 1.2E-05 3.7E-01 3.1E-01 3.7E-01 8.0E-01
9 5 x> 5.1E-01 3.8E-01 2.6E-01 1.2E-01 1.7E-02 8.5E-02
10 4 x> 8.2E-02 4.5E-01 5.5E-03 4.8E-02 1.3E-02 9.6E-02
11 4 X2 5.5E-01 1.6E-01 7.7E-02 1.1E-01 6.5E-02 3.4E-01
12 5 X2 5.0E-02 3.3E-03 8.0E-01 2.0E-01 8.7E-04 1.3E-01
13 5 x2 9.1E-05 8.5E-04 4.0E-05 2.8E-03 2.5E-03 5.6E-02
14 5 x> 6.7E-01 5.7E-03 3.5E-01 5.4E-01 1.2E-01 2.8E-01
15 4 x> 1.2E-01 8.1E-02 8.6E-01 5.0E-01 3.0E-01 4.4E-02
(b) Day-of-the-week
Customer Sun Mon Tue ‘Wed Thur Fri Sat

1 8.6E-01 8.5E-01 3.1E-02 8.8E-01 1.6E-02 3.6E-01 4.4E-01

2 1.0E-01 4.7E-01 6.1E-01 2.3E-01 3.6E-01 6.9E-01 2.6E-01

3 3.9E-02 8.2E-01 7.8E-01 6.0E-01 2.3E-01 2.4E-02 1.0E-01

4 8.6E-02 5.0E-02 1.4E-02 7.4E-02 6.5E-01 4.7E-04 6.7E-06

5 3.2E-01 1.9E-01 2.3E-01 3.7E-01 3.9E-02 8.9E-02 2.8E-02

6 3.9E-01 7.7E-01 3.1E-01 1.4E-01 8.0E-01 5.5E-01 2.5E-01

7 9.2E-01 3.4E-01 2.2E-01 3.4E-01 6.3E-01 9.7E-02 6.6E-03

8 6.1E-02 8.2E-01 2.7E-01 2.5E-02 7.0E-01 6.0E-02 9.2E-04

9 2.9E-01 3.2E-02 8.7E-01 6.7E-01 5.3E-01 5.7E-01 9.9E-01

10 3.5E-01 2.9E-01 9.8E-01 9.9E-01 9.5E-01 2.4E-01 1.5E-01

11 5.2E-01 5.6E-01 4.4E-01 3.6E-01 7.6E-01 8.9E-01 3.0E-01

12 4.7E-01 8.0E-01 5.8E-01 8.9E-01 1.1E-01 5.8E-01 8.3E-05

13 7.6E-05 3.5E-01 5.1E-03 6.9E-02 5.5E-02 7.0E-04 2.0E-04

14 1.7E-01 7.3E-01 3.1E-01 3.8E-01 5.4E-01 4.9E-01 1.6E-02

15 1.1E-01 8.2E-03 1.1E-01 5.3E-01 9.2E-01 3.6E-01 5.4E-01

because they depend on customer appliance usage habits and may substantially differ among households.
Hence, state-of-the-art lacks the quantitative analysis on and they are inferred from either the load
patterns or time-of-use surveys which do not depict a realistic customer behavior (i.e., inferences are not
based on real scenarios where customers configure their smart appliances flexibly). This distorts the realistic
assessment of flexibility and hurdles their efficient exploitation.

In this paper, we took the first step to tackle this issue and aimed to sharpen the analysis of flexibility
by characterizing the individual customer flexibility profile in terms of time of configuration and deadline to
exploit the offered flexibility. We proposed a systematic approach to derive a generative statistical model
of an individual customer’s flexibility behavior in offering smart devices for DR exploitation, based on
real-world data. Validating two proposed models with statistical tests, we found that especially Model II
(bivariate Gaussian mixture models) was efficient in re-generating the customer flexibility profile. Finally,
we evaluated the dependency of customer behavior on various factors using statistical tests, to conclude that
not only do different users exhibit potentially substantially different flexibility behavior, but also that such
flexibility could be influenced differently by factors such as day-of-the-week or seasons, etc. More details on
the outcome of our contributions are explained below.

Our Model I is a two-stage univariate approach that is suitable for flexibility profiles that exhibit typical
deadlines (e.g., dishwasher usages as observed in our real-world dataset). The first stage employs a I'-
means clustering algorithm to identify the typical deadlines and the second stage uses a Bayesian model
and employs the MCMC algorithm to obtain the distribution of the corresponding configuration times for
deadline clusters from Stage I. The analysis of customer flexibility profiles for dishwasher based on Model I
reveals the following: (i) the majority of the customers tend to configure their smart dishwasher to meet
a limited set of typical deadlines and the data in each cluster follows a Gamma distribution (based on k-s

17



hypothesis test), (ii) for most customers, the size of deadline clusters were unbalanced with one cluster
representing the dominant habit of the customer, (iii) the distribution of configuration times in each cluster
resulting from Stage I was best modeled by a mixture of Gaussian distributions (based on marginal likelihood
criteria).

Model II is a more general approach that takes both flexibility features as the input and models their
joint distribution in a single step. The proposed model fits bivariate Gaussian mixtures on the flexibility data
of each customer using a Bayesian MCMC algorithm. MAP clustering is used to assign each observation to
a single component. Three categories of MAP clusters are observed when modeling the customer flexibility
profiles using Model II: (i) the ones with similar deadlines and different configuration times, (ii) the ones
with similar configuration times but different deadlines and (iii) the ones with similar flexibility duration.
Hence, this approach is more versatile in modeling various customer behaviors.

To validate the efficiency of Model I and Model II in regenerating the customer behavior for synthetic
data generation purposes, we proposed a systematic approach based on a Kolmogorov-Smirnov (k-s) test.
Based on our validations, Model II was identified to be an appropriate regenerative model for all 3 types of
white goods in our analysis. The summary of Model II parameters fit to our real-world dataset are given in
the Appendix.

Finally, to study factors influencing the customer flexibility behavior, we used x? and Fisher’s exact tests
and examined the effect of 4 factors: holidays, weekends, seasons and days-of-the-week. Our dependency
analysis of real-world data suggests that customers are not similarly affected by aforementioned factors:
modeling flexibility merely based on device characteristics and assuming that all customers will utilize
them in the same manner does not reflect observed behavior. This further indicates the need to model
customers individually in order to incorporate the uncertainties influencing their flexibility behavior due to
their appliance usage habits.

4.1. Future Work

The configuration time in the flexibility profile has a cyclic nature, hence, it is plausible that configura-
tions shortly after midnight are the tails of distributions of the ones in the late evening. In order account
for this, while still keeping the modeling in linear space, we adopted a transformation of the z-axis as shown
in the figures throughout the paper, and changed the reference point to the middle of the largest gap in
the configuration times of the customer for both Model I and Model II. However, it could be statistically
meaningful (though more complex) to consider distributions of flexibility on a cylinder, with configuration
times on a circle, while deadlines are on the vertical axis. Such mathematically more complex analysis is
left for future work.

Finally, the comparison of test customers suggests similarities among some customers in terms of their
flexibility behavior (e.g., similar deadline clusters). In future research, we will use clustering to group
customers with similar flexibility profiles for each appliance. Clustering of similar customers may improve
the exploitation of their flexibility by DR algorithms (e.g., by tailoring a specific DR algorithm for a group
of similar customers).

5. Appendix

In this appendix, we summarize the estimated parameter values of Model II for the customer flexibility
profiles for all three appliance types. We also give guidelines for generating synthetic data based on the
summarized parameters. The notations used in the table headers are explained first:

— [Xmin, Xmaz): the minimum and maximum values of the configuration time,

= [Yinin, Yinae): the minimum and maximum values of the deadline,

— Ref.: the largest gap in the configuration times of the customer (The data is shifted around this reference
to ensure the continuity of the configuration times.)

— ni: the weight of k¥ component of the mixture

— pg: the normalized mean of the k** component of the mixture
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— ¥*: the covariance matrix of the k" component of the mixture. To compactly represent the covariance

matrix in the tables, we note it as (211, X12; Y21, X92) which corresponds to <

X1 E12)
Yo1 Yoo/’

The following steps explain how to re-generate a customer flexibility profile:

— Step 1:

— Step 2:

— Step 3:

sample form the K-component Gaussian mixture model based on the given parameters and weights
for each customer.

the data was normalized prior to the modeling (i.e., using X,ormatized = XX# for nor-
malizing configuration times and Yiormatized = % for normalizing deadlines). Hence,
max man

de-normalize the generated samples accordingly.
shift the configuration times around the “Ref.” offset.

The aforementioned steps will regenerate a customer flexibility profile with deadlines ranging from
[0h, 24 h] and configuration times between [0, 96] (which represent indices of the 15 min timeslots). Note that
since we had 15 min measurements to obtain the flexibility information, the configuration times are between
[0,96] in the re-generated sample and correspond to time-slot of the day. To obtain the configuration times
in terms of hour of the day, multiply the values by 1/4.

19



C0-dP0'T ‘€0-A¥PS'8 ‘€O-HFC'8 ‘C0-HL0'C
F0-19¢° T ‘#0-H9E'C F0-H9E'C ‘CO-HET ¥

€0-19S°¢ ‘F0-HIE'S ‘FO-HIE'G ‘€0-HTL'T

10-7109°L ‘T0-HIES'T

¢0-H66'8
T10-H68%
T0-HSC'C
T10-H96'T

( )
( )
(VO-AP&V ‘70-A80°€ “F0-H80°€ ‘€0-HIT'€E)
( )
(

P0-HL2'8 ‘FO-H00°C ‘F0-H00'C ‘T0-AT6°C)
(TO-AELT ‘€0-HLO €~ *€0-HLI €~ ‘TO-H60T)
20-H9¢'T ‘€0-HEL'T ‘CO-HELT ‘TO-HFOT

10-Hv¢'¥
T0-HEO'€
10-H¢L'C

C0-d¥9¥ ‘C0-HGL'T ‘€0-HGL'T ‘TO-HLT'T
€0-H9L'8 ‘CO-HLT'S ‘€O-HLI'] ‘TO-HILT

€0-HOL T FO-HIV'S FO-HIV'S ‘CO-H6T' T

10-H¢0'¢
T0-H.LEC
T0-HTL'T
T0-HT6°€

€0-HGT'S ‘€0-HLG'S ‘€O-HLE'S ‘C0-HIT S
COHLY T ‘TO-APE T ‘20-AVE'T ‘CO-HT6'T

A v
A v
A v
Amo-mﬁm.wrmo-mmm.mwmo-mmm.m&o-@wm.:
A v
A v
A v
(PO-H9L'E ‘FO-HAST'T ‘FO-ACH'T ‘€0-AV09)

T0-HGE'T
T0-HET'€
T10-HeS ¢

(€0-H68°9 ‘FO-ATS T~ FO-HIC T ‘€O-HAFI'S)
(20-H09°T ‘GO-ATT'C ‘SO-AIT'E ‘T0-HTI'T)
(20-A1ZY ‘€0-H69'8 ‘€0-H69'8 ‘TO-H6T'T)
(20-16£°C ‘T0-H60°T 20-A60°'T ‘T0-H60°C)

T0-H98€
T10-H69'T
T0-H8LC
T0-H.29'T

(FPO-ASS'T ‘FO-HOV ¢~ F0-H0F ¢~ ‘TO-HEO'S)
(GO-HLG'T ‘GO~H60" L~ ‘CO-H60 L~ ‘€O-AFTF)
(G0-HES'T ‘SO-HK0 €~ *G0-H80°E- ‘€0-HIE'S)
(20-d8G'8 ‘T0-HTI ¢~ ‘C0-HET G- ‘T0-HK8E'S)

10-H¢C'T
T0-HTL€
T0-H¥PT°€
T0-HE6'T

(O-HLES ‘FOHLTT FO-HLT'T “CO-HLE6T)
(€0-IST'L ‘€O-HLL T~ *€O-HLL T~ ‘TO-HTO'E)
(TO-ATTT ‘€O-HLES ‘€0-HLE'S ‘TOAT6E)
(20-dT6°C ‘CO-AT6F ‘CO-AI6F ‘€0-H00'S)

10-HE9C
10-HcL'€
T0-H79'T
T0-HTO0C

(TO-HLS 6CO-ATY 7~ ¢0-HATF ¥~ ‘TO-AVE9)
(FO-HO0E'T ‘GO-AFT € ‘G0-AVE €~ ‘€0-H9T'S)
(€O-AZT'T ‘FO-ATOE- FO-ATI0E- ‘CO-HE0'E)

T0-H8E'T
10-H¥9°G
10-H16°C

Ammw ‘Targ MSNJHNVH&N

Al

er [126°€Z ‘900°0]  [L267€8 ‘€eeT1] (911) 8
0 [toe'e FLT°0]  [1S6°6 ‘8€'8¢] (€91) L
L1 [€18°2Z ‘G00°T] [eT°28 ‘806'8] (997) 9
0 [G0€°GT ‘L6T'S]  [7€8°T6 ‘GLLST) (€01) g
61 [1867¢g ‘€LT°0]  [L16'%8 ‘19¢°0T] (811) ¥
12 (L66°€C ‘T68°0]  [626°16 ‘6917 (¥01) €
0 [zT ‘Lo €] (L0726 ‘991" LT] (€91) T
0 [ce8ce ver0]  [9¥8°C6 ‘€61°€T] (9z1) 1

. . cun (oz1G eye(q)
Y ng\w :.sg\ﬂ TSEVW uuU N«_ H@EOamSO

SIDAIp o[quinyg I0J so[ygoid AYIQIXof IOWO0ISND U0 paseq ] [PPOIN JO siojowrered pojew)se Jo Arewung :9 oa[qe],

20



(abvd gzoU UO ponuLU0)))

(€0-H6G°L ‘FO-HIL'E FO-HILE “€O-HO0F)
(20-A89°'T ‘SO-AFF'9 ‘GO-AFF'9 ‘T0-HIZ'T)
(0-H66'F ‘€O-ASS'T ‘€0-ASS'T ‘TO-H60°T)
(€0-HE6°L ‘€O~HE6 T~ *C0-HE6 T ‘TO-HLOT)

10-H¢L'8 ‘10-H0TE)
10-¢9°L ‘T0-88'¢S
10-ATF'C ‘T0-dFE'S
10-421°C ‘T0-H6S°C

T0-H68'T
T0-H20°T
T0-HEV'Y
T0-HT9°C

(e01) L

(TO-ATLT ‘FO-ASLE FO-ASL'E ‘€0-H08'9)

(€0-H89°L ‘€0-HE0S- *€0-HE0' G ‘TO-HTITE)
(CO-HET'T ‘€O-HTE9 ‘€0-ATE9 ‘TO-HOT'T)
€O-H6T¥ ‘€0-H9T'G -€0-H9IT'C ‘TO-H69°%

10-3¥6°¢ ‘10-:0S'S
10-HEE'T ‘T0-HLY'S
T0-8%'C ‘10-H9%°C
10-H€%°6 ‘10-Hd0E9

TO0-HST €
T0-HTV'T
T0-HTE€
T0-HET'C

(601) 9

A v
(CO-AVO'T ‘FO-H6L'S FO-H6L'S “CO-HSHE)
(€0-H90°C ‘€0~H0G'S ‘€0-H0S'S ‘TO-HET'S)
(20-H96°€ ‘TO-HLIE ‘T0-HLIE ‘TO-HLGT)
(FO-AVL€ ‘FO-HLY T FO-HLY'C “€O-HLYC)

10-Ad¥7L'9 ‘T0-H99°¢
10-168°T ‘T0-HES9
10-4¢9°9 ‘10-H69°C
10-99°T ‘T0-HL¥'S

10-H20°¢
T0-HVE'T
10-H0C'T
T10-H6¢"°G

(00T) &

(0-H68°9 ‘FO-HTSF- FO-HIC T ‘€0-HAFI'S)
(20-H09°T ‘GO-ATTC ‘GO-AIT'C ‘TO-HTI'T)
(TO-ATZY ‘€0-H69°S ‘€0-H69'8 ‘TO-HA6T'T)
(20-H6£°C ‘T0-H60°T 20-H60'T ‘C0-H60°C)

10-{9T°T ‘T0-HSS L
10-{S6°T ‘T10-H99°¢

10-GI18Z°9 ‘T0-GI6L'C

10-H98°€
10-H69°T
T0-H8L'C
T0-HL9'T

(ee1) ¥

(G0-H6L°C ‘GO-HAPT ¢~ ‘SO-AVI €~ ‘€0-H00°S)
(TO-AET'9 ‘TO-AFL T~ ‘TO-AVL T~ ‘TO-HLIS)
(GO-H9G'T ‘GO-HE6 9 ‘G0-HE6 9~ ‘CO-H6T'E)

10-GI€S°T ‘T0-HIE'E
10-HI¥°E ‘T0-HLS T
10-{08°T ‘T0-AT0°L

T10-HTC€
10-H96°¢
10-He8'€

(ce1) €

(O-HEY'T ‘FO-H6L L FO-H6L L ‘TOHTLT)
(TO-AST'T ‘€O-A6T F- ‘CO-H6T T~ ‘TO-HASST)
(20-HET'T ‘FO-H80°6 F0-H80°6 ‘TO-HAIT'T)
(2O-ATE°C ‘€O-HT9L ‘€0-HT9°L ‘TO-H90°T)
(CO-ATLY ‘SO-H6T'S ‘G0-H6T'S “€O-H9I6'F)
(0-H0G L ‘€O~ATO'T ‘€0-AT9T ‘TO-HLEE)

10-46¢°S ‘T0-A8T ¢
10-GI7€°9 ‘10-GR8¢ L
10-0%'S ‘10-H09°C
10-H6S°C ‘10-H9T°C
10-Hd¢6'T ‘T0-AT8'S
10-A19°T ‘10-H06°S

10-H6¥'¢
COHIT'S
T0-HVET
T0-H8E'T
10-HES@
T0-HST'T

(eg2) ¢

(PO-ASH'T ‘GO-HLO T~ ‘C0-HLO T~ ‘€0-H0S'S)
(£0-HEET ‘€O-H66'T ‘€0-H66'T ‘TO-HTILT)
(FO-AVCY ‘G0-HT6 €~ ‘C0-HT6 S~ ‘€0-H6V'T)
(20-d20°Z ‘T0-H0G T~ ‘20-H0S 1~ ‘T0-H0¥'S)

T0-HLL°T ‘“TO-HS0 L
10-3128°8 ‘10-HR89°C
10-{8L°T ‘T0-HSL'S

(

( )
( )
( )
( )
( )
( )
( )
( )
( )
( )
( )
( )
( )
(T0-AETT ‘TO-AL6'9)
( )
( )
( )
( )
( )
( )
( )
( )
( )
( )
( )
( )
( )
(10-H6€°C ‘TO-ATL'S)

T10-H.LV'¥
¢0-HES9
T0-HSGG€
T0-HEE'T

(co1) 1

Ammw ‘Targ mmﬂwn:wv”&w

I

Al

0 [¢6L°1C ‘ce0e]  [£19°66 ‘85T °C
61 [cL6¢C ‘8szT]  [682°18 ‘609°71]
€9 [2€27€T ‘'609°0]  [9.6°06 ‘902°T)
eI [8LL°1C ‘ehL sl [Le9¥8 ‘T0ETT]
0 [L267CT ‘69¢7]  [96T76 ‘9298
1C [LL0°€C ‘¢SFT]  [F8S716 ‘8e8Y]
91 [FeLce ¥81F7]  [006°28 ‘G81°C1]
‘JON ng\w ::S\Q TSEVW :&:Qﬁ

(o715 ®re(T)
H@EOamSO

auryoew Surysem I0j so[goid AJ[IQIXo[ JoW0IsNd U0 paseq [] [OPOIN JO siojowrered pejew)se Jo Arewwung :), 9[qe],

21



(abnd groU U0 PaNUUOY) )

(GO-H6S°C ‘GO-HLOT ‘G0-HL0'T ‘€0-HSTT) (20-€0°9 ‘T0-A€T'E)  T0-HO0T6
(FO-ALT'T ‘FO-AFTT FO-AFT'T ‘TO-AT9T)  (00+HO0'T ‘€O-HATL'6) TO-HIET g [eLv°1C ‘09€T]  [199°6L FT18°91] (661) T
(€0-H99°T ‘€O-HOT¥ ‘€0-HOT¥ ‘20-d99°C)  (CO-HLI'G ‘TO-HC9'S)  T0-HE9'9
‘ ‘ ‘ J— . Trouw ‘U Trouw ‘Ut A@Nﬁm ‘NQ‘NDV
(Feg TeR I TTR) =4 l il k| S S S
Ioysemysip 10} so[gord A[IqIXe] IoW0)snd uo paseq [[ [OPOJN JO siejowrered pejewir)ss jo Arewrwing :Q a[qe],
(O-HLY'C ‘€0-H9E9 ‘€0-HIE'9 ‘T0-H689)  (20-HFE'S ‘T0-HI0L) TO-HTHF
(GO-AF9°E ‘FO-HTO'T ‘F0-AZ0°C ‘TO-ALT'T)  (TO-ASS'S ‘TO-HAIOT) TO-AVIS
(G0-HS9°6 ‘FO-AFS T ‘FO-AFST ‘€0-H86'S)  (10-H66°6 ‘TO-HIF'C) TO-H61'C
(G0-A66'T ‘GO-AFT'S ‘GO-APT'SG ‘€0-dL0°L)  (T0-AST'9 ‘T0-AF9'Z) T0-AFSC 0 [62F°¢c ‘ev1'0]  [L9°06 ‘THi €] (eL1) T1
(GO-AFS'C ‘GO-H98 T~ ‘G0-HIS T~ ‘€0-A9L'T) (20-H20°9 ‘T0-HEL0°C) T10-A¥6'S
(O-HEYY ‘€O-HLLO ‘€0-HLLY ‘T0-H99°T)  (T0-HTL'8 ‘T0-HSF'E) ¢O-H6T 9
(PO-H08°€ ‘90-HP8 '€ *90-A¥8'¢- ‘€0-A0T'T)  (10-HOT'€ ‘T0-H09'S)  T0-HIEC
(€0-H90°€ “€0-HSO'T *€0-AG0'T ‘€0-H66'€)  (T0-HIL'E ‘TO-HET'6) CO-HTT'9
(PO-HGT'C ‘G0-HE8 ¢~ *G0-FC8'C- ‘€0-86'C)  (T0-69°C ‘T0-H9Z'S)  T0-H9ES 81 (18212 ‘00L'€]  [968°16 ‘G€9°€E] (812) 11
(CO-ATI¥¥ ‘€O-HF0 T~ “€O-HAP0°C- ‘€0-HL8'9) (10-HLLE ‘TO-APEL)  T0-HS0'T
(¥0-H20°Z ‘FO-IFT'9 FO-AFT'9 ‘0-d66°'T)  (10-H¢6°6 ‘10-HcH'E) ¢0-HTS'F
(GO-AEL9 ‘GO-HO06L ‘C0-H06'L ‘€0-H6T°G)  (T0-HZST ‘TO-H6S'S) T10-AVY'E
(GO-HES'S ‘GO-AT6'9- ‘GO-HT69- ‘CO-AFOF) (TO-HAIZT ‘TO-AIL'S) T0-HS86C
(€0-A9T°Z ‘COATT T~ ‘CO-ATT'T- ‘T0-ATO'T) (T0-HOT'T ‘TO-AE6'L) TO-HASTC 9% [182°¢C ‘eze 0] [L12°C6 ‘€20F) (¥01) 01
(¥0-H09°C ‘FO-AT9 6~ ‘FO-AT19°6- ‘C0-ALLT) (TO-HOET ‘T0-H9L°C) TO-AST'6
(c0-HSTT ‘€O-ATSG *€0-ATS'S '20-HGL'E)  (T0-HTE'S ‘TO-AIST)  T0-HI0'E
(€0-HZT'C ‘FO-H60°E ‘F0-H60°¢ ‘€0-4¢9°C)  (T10-ASH'T ‘T0-H06'8) T0-AIT'E €1 (19¢°2C ‘L06'F]  [119°16 ‘889°¢] (011) 6
(CO-ATH'T ‘FO-HSGS'6 ‘FO-HCS 6 ‘€0-HTI0G)  (10-HZS L ‘TO-HOLT) T0-APS'E
(20-d6G°G ‘T0-H96 T~ ‘20-H96'T- ‘T0-A9T'L) (10-H9L'C ‘T0-HZ8T) T10-H09'T
(€0-A86'F ‘€0-H6T'T ‘€0-A6T'T ‘¢0-dL0'T)  (T0-HTL'€ ‘T0-H0L'9) T0-HEST ¢ [eeces ‘LLe°0]  [STT'16 ‘0TO°F) (6£1) 8
(20-16S°C ‘T0-HEY T ‘T0-HEIT ‘T0-dL8E)  (T0-H06'9 ‘T0-HG8'C) TO-HIG'S
¢ ¢ 4 . Trouw cuLu Trou ‘UL @NH @U@
(7R TR 1R TIR) =, 1 t o gy pruyuy] (758 96@)

IomoIsny)

(ponurguoo) suryoewr Surysem 10§ so[yord AY[IQIXOY IOUWI0ISND UO Paseq ] [POIN JO sivjourered pajewrr)ss Jo Arewrwing :), d[qe],

22



(obod 1zoU U0 panULIUOY))

($0-H82°€ ‘FO-HI10°C F0-HI0C ‘20-H09¢)  (10-H92°C ‘T0-H00'E)  T10-H6E T

(FO-ATY' T ‘F0-H28'C F0-HT8C ‘20-d¢0°'T)  (10-H0Z°C ‘TO-AISL)  T10-H0G'S

(€0-H€T'S ‘F0-H96°C- ‘FO-H96°C- ‘CO-AF9'T)  (10-HL9°C ‘TO-AIF'L) 10-H0Z'T 91 [cvLce ‘sve0]  [8LLF8 ‘€96°1T] (891) 8
(€0-HL¥'C ‘©0-H0Z'T -20-H0T'T ‘¢0-HLee)  (T0-HES9 ‘T0-HE9E)  T10-HI0T

(FO-HSH'T ‘G0-HLOT- *GO-HLO T~ ‘€0-H08°S)  (TO-HLLT ‘TO-HS0L)  TO-HLFF

(€0-H€€T ‘€0-H66'T “€O-H66'T ‘C0-HTLT)  (10-He8'S ‘T0-d89'C)  ¢0-HES9

(FO-AFCT¥ ‘S0-HT6'¢- ‘G0-AT6'E- ‘€0-A6V'T)  (T0-ASL'T ‘TO-HCL'S)  T0-HSS'E ae [o12°81°¢8¢g]  [cLe'88 ‘G0T L] (¢82) L
(20-d20°Z ‘200G T~ ‘20-H0S I~ ‘T0-A0V'S)  (TO-H6ET ‘T0-AFL'S)  TO-HEEST

(20-H66°L ‘TO-AST T~ ‘20-AST 1-20-d0z'S)  (10-HLS°S ‘TO-HO0F)  T0-H6T'T

(GO-HS8S'T ‘GO-AT09- “GO-HT0°9-'€0-HO0T'S)  (TO-HIST ‘TO-HEOL)  T0O-HEOE

(G0-dZZ"9 ‘C0-H6T ¥ ‘C0-H6Z T ¢0-H0Z T) (T0-dZ6°T ‘T0-HSL'S)  TO-HTO'T

(GO-H6LF ‘G0-HEE 1~ *G0-HET T-20-HSe )  (10-H68'T ‘T0-HEST)  CO-HV6'6 8T [86L°1Z ‘12T°0]  [166°G8 ‘625°6) (e11) 9
(GO-HT8T ‘GO-HOV'Z- ‘GO-HOF -'€0-HA8S¢S)  (T10-HES'T ‘T0-ATEE)  TO-HSOE

(20-AP0'T ‘€O-APS'S ‘€O-AFS'S ‘TO-HLOT) (10-H09°2 ‘T0-HES'T)  T0-H66'S

(PO-H92'T *PO-HIEC FO-UIET ‘€0UETT)  (T0-HEV'T ‘TO-AV6'S) 1068

(FO-HIFS ¥ ‘FO-HS0°E F0-HR0'E ‘€0-HTz'e)  (T0-HEST ‘TO-HEE L)  10-HSTT L1 [€26°8T ‘182°0]  [20F 6L ‘898°GT] (621) §
(€0-H19G°€ ‘FO-H9EC F0O-HIE'S ‘€0-HeLT)  (T0-HS9'T ‘T0-H8S'6)  10-H96'T

(FO-H8S'S ‘F0-AS0°C ‘F0-AS0°C ‘€0-ASZ'T)  (10-AS0°€ ‘TO-H6S'S)  10-H9IV'T

(€0-HLGF ‘€0-HE99 ‘€0-HEI9 ‘T0-HTYT)  (T0-HELS ‘TO-H6%'C) TO-HAIT9

(€0-HLV'C '€0-HISGT *€0-HIGT 20-HFT'T)  (T10-HZO'E ‘TO-HG6'L)  TO-HILT L1 (70991 ‘gL1°0]  [c08'28 ‘26T 2] (9v2) ¥
(PO-AV0°C ‘G0-HEE € *G0-HEE'E- '€0-AL0E)  (T0-HS8Y'T ‘T0-HPE'S)  T0-HET'S

(FO-A9¥°C ‘FO-HOE T~ F0-HOL T~ ‘€O-ATS'T)  (T0-HO06'T ‘T0-HZT'E)  TO-HEY'T

(CO-AVT'T ‘€0-HZ0 T~ ‘€0-dZ0 T~ ‘€0-d6EF)  (10-HOE'T ‘T0-H0Z'E)  T0-ASH'T

(TO-A68°C ‘€O-HLS 6~ ‘C0-HLY 6~ ‘TO-AETT)  (TOHGE L ‘TO-HSE L)  TO-HIE 9

(FO-HTOT ‘G0-HS8'C -G0-HG8'T ‘€0-H6EE)  (T0-H90°T ‘T0-HESE)  T0-HEY'S 69 logT et ‘s8¢l [269°L8 ‘C61°6) (z02) €
(€0-H80°T ‘FO-HEE'T F0O-HETT ‘€O-HATF'E)  (10-HS8E'T ‘TO-HIF'8)  C0-HF0'S
(FO-HITY ‘FO-HSE T FO-HECE T ‘€O-AF6F ) (10-HSE'T ‘TO-H09'S)  T0-H99°9
(PO-ATS'S ‘€0-ALE T~ ‘€0-ALT T~ ‘C0-A9IT'E ) (T0-H6T'T ‘T0-H98°C)  TO-HS9'6

(FO-HST'S ‘FO-H6T'E FO-H6T'E ‘T0-H6£C )  (10-HS6'6 ‘T0-dche)  ¢0-HE0S GT [L9%°L1 ‘F€9°T]  [12628 ‘80€°€T] (co1) @
(€0-HGL'T ‘FO-HES T~ FO-HES T~ ‘CO-AFTT )  (20-H6F'6 ‘T0-He6L) TO-HLST
ANNN Qmﬁw WNHN QHWVH&W Ay & oY Tds\w S:E\Q Tdﬁ@ﬂ :SE;X; AWNHW @uﬁav

IomoIsny)

(panurguoo) 1oysemysip 10y so[gord AII[IQIXaf IOW0ISND UO paseq J] [PPOJN JO siojourered pojeuwl)ss Jo Arewrwung :gQ d[qe],

23



(obvd 1woU U0 panuUO)))

(€0-A9L'T FO-HLT L
(FO-AVS L FO-H6ET
(€0-H96°'T ‘F0-H9IE T
(CO-AT6'T ‘TO-ATT'T
(€0-H0L'T ‘€0-HG6°C-

F0-HLT L ‘€0-HIVE)
FO-H6E T ‘€O-HET'E)
$0-H9€°C ‘€0-HA8G'T)
TOAITT ‘TO-ALET)
‘€0-dS6°C- ‘T0-HASET)

(10-H08'7 ‘Z0-AET'S)
(10-H40G°L ‘T0-HST'F)
(104971 ‘10-H06°S)
(T0-ALT"L ‘T0-H96°T)
(10-49L'T ‘10-H2L°T)

T0-H9E'T
T10-HSGE€
10-H¥6°¢
T0-H99'T 0
¢0-d76'9

[cvTge $91°0]  [929°16 ‘950°0€]

(6€1) ¥1

(20-HEE'T ‘FO-66°L
(20-H90°T ‘€0-HES'T
(€0-A1T°C FO-HEE T~
(20-ATET ‘TO-H66'T
(£0-H89°C ‘FO-HGL'S

F0-766'L ‘€0-H89'9)
‘€0-HERT ‘€0-H06'F)
F0-HEE T~ ‘€0-ATEG)
20-H66'T ‘T0-H9Z'T)
F0-AGL'S ‘€0-HISY)

(10-489°¢ ‘10-H6T'S)
(TO-ATT'L ‘T0-HCST)
(10-460°T ‘T0-A6T'S)
(10-A8¢"L ‘10-H06°€E)
(10-A9T"L ‘10-HST'S)

T10-HL¥'¢
T0-HER'T
10-H60°¢
T10-H96°T 8
10-H99'T

[86€°61 ‘6£9'c]  [2F1°06 ‘G6S°9)]

(0L2) €1

(CO-HET'E ‘TO-ATS'T
€0-Hce T ‘F0-H86'C-
CO-GTS T ‘€0-69 T-
CO-HVT'T ‘FO-HLE T-
Y0-H9T1°9 ‘G0-HEE G-

A~ N N N

‘20-AT1G'T ‘T0-HA6LT)
F0-H86°C- ‘€0-HAFT'S)
‘€0-169'1- ‘€0-HES6)
F0-HLT T~ ‘€0-H0G9)
‘60-d2T S~ ‘C0-H06°C)

(10-AGF'9 ‘T0-HEST)
(104199 ‘T0-H0L'L)
(10-H20°¢ ‘10-H6S°L)
(107989 ‘20-HL6°6)
(10-€6'T ‘T0-H0T'9)

T0-H6V'T
T0-HTO'T
10-H8¢'¢
T0-HT9'T €¢
10-HT19°€

[L21°¢T ‘18¢°0]  [0LT'T6 ‘L6L'Y]

(661) a1

CO-AP9 T ‘CO-HSLT
€0-H9.°8 ‘C0-HLT'S
CO-GTIS T ‘€0-HET S
€0-H0L'T ‘VO-HIV'S

‘€0-ASLT ‘TO-AET'T)
‘€O-HLT'S ‘TOATET)
‘€0-HET'C ‘T0-ASGT)
FO-AIV'S ‘TO-A6V'T)

(10-9€6°¢ ‘T0-HE0'S)
(10-A€E'8 ‘T0-H9T'9)
(10-A1€'9 ‘10-HSTT)
(10-ASF'Z ‘T0-HLS L)

10-H20'¢
T0-HLEC
TO-HTLT 0¢
T0-HT6°€

[€26°€T ‘820°0]  [TTS°€S ‘096°C1]

(911) 11

C0-H8L'C ‘CO-HI9T
C0-AT0°S ‘C0-HTL'T
€0-HCY 6 ‘C0-HTST

mmo-m%.w“mo-mﬁ.@
‘€0-AT9°T ‘€0-H99Y)
TO-ATLT ‘TOHAET'T)
‘€0-He8Y ‘T0-HAELT)

(10-A16°G ‘20-H97"L)
(10-9€2°9 ‘10-HL9°9)
(10-499F ‘10-HETT)
(10-A6€'T ‘10-HS6°9)

T0-HSV'€
T0-HSC'C
T0-H.LV'C 8T
TO-HER'T

(62z' 1T ‘€PT'F]  [08G°F8 ‘9z1°1T]

(171) 01

(
(
(
(
Mmo-m%g ‘GO-68°8
(
(
(

V0-HL9°€ ‘VO-HGR'T
(20-ALY'T ‘TO-H69°C-
(€0-ATE'T ‘€0-HCO'T
(£0-HS0°€ ‘FO-A6T'T
(£0-H0T'T ‘FO-AEL6

F0-HG8'T ‘€0-ATE9)
20-d69°C- ‘TO-ATTT)
‘€0-AS0'T ‘€0-HLSE)
F0-A6T'T ‘T0-HST'T)
F0-HEL'6 ‘€0-HOT'G)

(10-4G9°'T ‘T0-H0F'S)
(10-A18°Z ‘10-HLET)
(10-A¥L'9 ‘10-HE9’E)
(10-AST'6 ‘T0-HL0°G)
(10-A¥Z'2 10-HLL'S)

TO-HTT'G
T0-H00'T
T0-HCEC
¢0-d9V°G 91
10-Hc20'T

[F8¢-€c ‘062°0]  [e¥a e ‘6eiell

(981) 6

ANNN Qmﬁw WNHN QHWVH&W

a

kN mwm Tds\w S:E\Q Tdsx :SE;X;

(o71G e1R(])
ISWO)ST))

(panurguoo) 1oysemysip 10y so[gord AII[IQIXaf IOW0ISND UO paseq J] [PPOJN JO siojourered pojeuwl)ss Jo Arewrwung :gQ d[qe],

24



(€0-d68°9 ‘FO-HAIS T FO-AIGT- ‘€O-AF9'¢)  (10-H9T'T ‘TO-AGS L)  T0-HIS'E
(20-H09°'T ‘GO-ATT'C ‘GO-ATT'E ‘¢0-deT'e)  (10-dS6'T ‘T0-H499'€)  T10-d69'T
(TO-ATTY ‘€0-H69'S ‘€0-H69'8 ‘TO-A6T'T)  (T0-HETY ‘TO-AS6'9)  TO-ASLT 8T [evLec ‘8c6'e]  [S08°G8 “V0E 6] (gcz) a1
(20-H6£°C ‘T0-H60°T 20-H60'T ‘20-d60°2)  (10-dSZ'9 ‘T0-H6£T)  T0-HLI'T
(eeg ‘T el TR =, ¢ it il oY [Frug ] [rruy ] (o1 eeq)

JoTWIOISTL)

(panurguoo) 1oysemysip 10y so[gord AII[IQIXaf IOW0ISND UO paseq J] [PPOJN JO siojourered pojeuwl)ss Jo Arewrwung :gQ d[qe],

25



6. References

(1
2]
(3]
(4]

(5]

(6]
(7]
(8]

(9]
[10]

(11]

(12]
(13]
(14]

[15]

[16]
7]
18]

19]

20]

(21]
[22]
23]
24]

[25]

[26]

27]

N. Sadeghianpourhamami, M. Strobbe, C. Develder, Real-world user flexibility of energy consumption: Two-stage gener-
ative model construction, in: Proc. ACM Symp. Appl. Comput. (SAC2016), 2016, pp. 1-6.

P. Siano, Demand response and smart gridsa survey, Renewable and Sustainable Energy Reviews 30 (2014) 461 — 478.
doi:10.1016/j.rser.2013.10.022.

J. Vardakas, N. Zorba, C. Verikoukis, A survey on demand response programs in smart grids: Pricing methods and
optimization algorithms, IEEE Commun. Surveys Tuts 17 (1) (2015) 152-178. |doi:10.1109/COMST.2014.2341586,

S. Nolan, M. OMalley, Challenges and barriers to demand response deployment and evaluation, Appl. Energy 152 (2015)
1-10. doi:10.1016/j.apenergy.2015.04.083.

M. Alczar-Ortega, C. Calpe, T. Theisen, J. F. Carbonell-Carretero, Methodology for the identification, evaluation and pri-
oritization of market handicaps which prevent the implementation of demand response: Application to european electricity
markets, Energy Policy 86 (C) (2015) 529-543.

C. Goldman, N. Hopper, R. Bharvirkar, B. Neenan, P. Cappers, Estimating demand response market potential among
large commercial and industrial customers: a scoping study, Lawrence Berkeley National Laboratory.

Demand response from day-ahead hourly pricing for large customers, The Electricity Journal 19 (3) (2006) 52 — 63.
doi:10.1016/j.tej.2006.02.002.

D. Jang, J. Eom, M. G. Kim, J. J. Rho, Demand responses of korean commercial and industrial businesses to critical peak
pricing of electricity, Journal of Cleaner Production 90 (2015) 275 — 290. doi:http://dx.doi.org/10.1016/j.jclepro.
2014.11.052.

URL http://wuw.sciencedirect.com/science/article/pii/S0959652614012396

R. Deshmukh, G. Ghatikar, R. Yin, G. G. Das, S. K. Saha, Estimation of potential and value of demand response for
industrial and commercial consumers in delhi, Presented at the India Smart Grid Week (ISGW).

Z. Liu, I. Liu, S. Low, A. Wierman, Pricing data center demand response, in: ACM SIGMETRICS Performance Evaluation
Review, Vol. 42, ACM, 2014, pp. 111-123.

V. Gomez, M. Chertkov, S. Backhaus, H. Kappen, Learning price-elasticity of smart consumers in power distribution
systems, in: Proc. 3rd IEEE Int. Conf. Smart Grid Commun. (SmartGridComm?2012), 2012, pp. 647-652. |[doi:10.1109/
SmartGridComm.2012.6486059.

A. van Stiphout, J. Engels, D. Guldentops, G. Deconinck, Quantifying the flexibility of residential electricity demand in
2050: a bottom-up approach, in: PowerTech, IEEE Eindhoven, 2015, pp. 1-6. |doi:10.1109/PTC.2015.7232411,

P. Thimmapuram, J. Kim, Consumers’ price elasticity of demand modeling with economic effects on electricity markets
using an agent-based model, IEEE Trans. Smart Grid 4 (1) (2013) 390-397. |doi:10.1109/TSG.2012.2234487.

A. Moshari, G. Yousefi, A. Ebrahimi, S. Haghbin, Demand-side behavior in the smart grid environment, in: Proc. 1st IEEE
PES Innovative Smart Grid Technol. Conf. Europe (ISGT Europe), 2010, pp. 1-7.'doi:10.1109/ISGTEUROPE. 2010.5638956.
N. Paterakis, J. Catalao, A. Tascikaraoglu, A. Bakirtzis, O. Erdinc, Demand response driven load pattern elasticity analysis
for smart households, in: Proc. 5th IEEE Int. Conf. Power Engineering, Energy and Electrical Drives (POWERENG),
2015, pp. 399-404. [doi:10.1109/PowerEng. 2015.7266350]

P. Siano, D. Sarno, Assessing the benefits of residential demand response in a real time distribution energy market, Appl.
Energy 161 (2016) 533-551. [doi:10.1016/j.apenergy.2015.10.017.

Q. Hu, X. Fang, F. Li, X. Xu, C. fei Chen, H. Hu, An approach to assess the responsive residential demand to financial
incentives, in: IEEE PES General Meeting, 2015, pp. 1-5. |[doi:10.1109/PESGM.2015.7286623|

M. Pipattanasomporn, M. Kuzlu, S. Rahman, Y. Teklu, Load profiles of selected major household appliances and their
demand response opportunities, IEEE Trans. Smart Grid 5 (2) (2014) 742-750. |doi:10.1109/TSG.2013.2268664.

F. Wattjes, S. Janssen, J. Slootweg, Framework for estimating flexibility of commercial and industrial customers in
smart grids, in: Proc. 4th IEEE PES Innovative Smart Grid Technol. Conf. Europe (ISGT Europe), 2013, pp. 1-5.
doi:10.1109/ISGTEurope.2013.6695406.

I. Laicane, D. Blumberga, A. Blumberga, M. Rosa, Reducing household electricity consumption through demand side
management: The role of home appliance scheduling and peak load reduction, Energy Procedia 72 (2015) 222 — 229.
doi:10.1016/j.egypro.2015.06.032,

A. Safdarian, M. Fotuhi-Firuzabad, M. Lehtonen, Benefits of demand response on operation of distribution networks: A
case study, IEEE Syst. J. PP (99) (2014) 1-9. doi:10.1109/JSYST.2013.2297792.

K. Kouzelis, Z. Tan, B. Bak-Jensen, J. Pillai, E. Ritchie, Estimation of residential heat pump consumption for flexibility
market applications, IEEE Trans. Smart Grid 6 (4) (2015) 1852-1864. /doi:10.1109/TSG.2015.2414490.

W. Labeeuw, J. Stragier, G. Deconinck, Potential of active demand reduction with residential wet appliances: A case
study for Belgium, IEEE Trans. Smart Grid 6 (1) (2015) 315-323. |doi:10.1109/TSG.2014.2357343,

C. B. Kobus, E. A. Klaassen, R. Mugge, J. P. Schoormans, A real-life assessment on the effect of smart appliances for
shifting households electricity demand, Appl. Energy 147 (2015) 335-343. |doi:10.1016/j.apenergy.2015.01.073|

R. D’Hulst, W. Labeeuw, B. Beusen, S. Claessens, G. Deconinck, K. Vanthournout, Demand response flexibility and
flexibility potential of residential smart appliances: Experiences from large pilot test in Belgium, Appl. Energy 155 (2015)
79-90. doi:10.1016/j.apenergy.2015.05.101|

B. Dupont, P. Vingerhoets, P. Tant, K. Vanthournout, W. Cardinaels, T. De Rybel, E. Peeters, R. Belmans, Linear
breakthrough project: Large-scale implementation of smart grid technologies in distribution grids, in: Proc. 3rd IEEE PES
Innovative Smart Grid Technol. Conf. Europe (ISGT Europe), 2012, pp. 1-8. doi:10.1109/ISGTEurope.2012.6465708.
I. Sajjad, G. Chicco, M. Aziz, A. Rasool, Potential of residential demand flexibility — Italian scenario, in: Proc. 11th IEEE
Int. Multi-Conf. Systems, Signals Devices (SSD),, 2014, pp. 1-6. |[doi:10.1109/SSD.2014.6808849.

26


http://dx.doi.org/10.1016/j.rser.2013.10.022
http://dx.doi.org/10.1109/COMST.2014.2341586
http://dx.doi.org/10.1016/j.apenergy.2015.04.083
http://dx.doi.org/10.1016/j.tej.2006.02.002
http://www.sciencedirect.com/science/article/pii/S0959652614012396
http://www.sciencedirect.com/science/article/pii/S0959652614012396
http://dx.doi.org/http://dx.doi.org/10.1016/j.jclepro.2014.11.052
http://dx.doi.org/http://dx.doi.org/10.1016/j.jclepro.2014.11.052
http://www.sciencedirect.com/science/article/pii/S0959652614012396
http://dx.doi.org/10.1109/SmartGridComm.2012.6486059
http://dx.doi.org/10.1109/SmartGridComm.2012.6486059
http://dx.doi.org/10.1109/PTC.2015.7232411
http://dx.doi.org/10.1109/TSG.2012.2234487
http://dx.doi.org/10.1109/ISGTEUROPE.2010.5638956
http://dx.doi.org/10.1109/PowerEng.2015.7266350
http://dx.doi.org/10.1016/j.apenergy.2015.10.017
http://dx.doi.org/10.1109/PESGM.2015.7286623
http://dx.doi.org/10.1109/TSG.2013.2268664
http://dx.doi.org/10.1109/ISGTEurope.2013.6695406
http://dx.doi.org/10.1016/j.egypro.2015.06.032
http://dx.doi.org/10.1109/JSYST.2013.2297792
http://dx.doi.org/10.1109/TSG.2015.2414490
http://dx.doi.org/10.1109/TSG.2014.2357343
http://dx.doi.org/10.1016/j.apenergy.2015.01.073
http://dx.doi.org/10.1016/j.apenergy.2015.05.101
http://dx.doi.org/10.1109/ISGTEurope.2012.6465708
http://dx.doi.org/10.1109/SSD.2014.6808849

(28]

29]
(30]
(31]

(32]
(33]

[34]
(35)

(36]
37)

(38]

K. Vanthournout, B. Dupont, W. Foubert, C. Stuckens, S. Claessens, An automated residential demand response pilot
experiment, based on day-ahead dynamic pricing, Appl. Energy 155 (2015) 195 — 203. doi:10.1016/j.apenergy.2015.
05.100.

G. Hamerly, C. Elkan, Learning the k in k-means, in: Proc. 17th Ann. Conf. Neural Information Processing Systems,
2003.

K. Mets, F. Depuydt, C. Develder, Two-stage load pattern clustering using fast wavelet transformation, IEEE Trans.
Smart Grid PP (99). |[doi:10.1109/TSG.2015.2446935.

G. Chicco, Overview and performance assessment of the clustering methods for electrical load pattern grouping, Energy
42 (1) (2012) 68 — 80. |[doi:10.1016/j.energy.2011.12.031.

Fr Finite mixture and Markov switching models.

H. Akaike, A new look at the statistical model identification, IEEE Trans. Autom. Control 19 (6) (1974) 716-723. doi:
10.1109/TAC.1974.1100705.

G. Schwarz, Estimating the Dimension of a Model, The Ann. Statist. 6 (2) (1978) 461-464. doi:10.2307/2958889.

W. Xie, P. O. Lewis, Y. Fan, L. Kuo, M.-H. Chen, Improving marginal likelihood estimation for bayesian phylogenetic
model selection, Systematic Biology 60 (2) (2011) 150-160. doi:10.1093/sysbio/syq085.

M. Stephens, Bayesian analysis of mixture models with an unknown number of componentsan alternative to reversible
jump methods, Ann. Statist. 28 (1) (2000) 40-74. doi:10.1214/a0s/1016120364.

J. A. Peacock, Two-dimensional goodness-of-fit testing in astronomy, Monthly Notices of the Royal Astronomical Society
202 (3) (1983) 615—627. |doi:10.1093/mnras/202.3.615,

G. H. Freeman, J. H. Halton, Note on an exact treatment of contingency, goodness of fit and other problems of significance,
Biometrika 38 (1/2) (1951) 141-149.

27


http://dx.doi.org/10.1016/j.apenergy.2015.05.100
http://dx.doi.org/10.1016/j.apenergy.2015.05.100
http://dx.doi.org/10.1109/TSG.2015.2446935
http://dx.doi.org/10.1016/j.energy.2011.12.031
http://dx.doi.org/10.1109/TAC.1974.1100705
http://dx.doi.org/10.1109/TAC.1974.1100705
http://dx.doi.org/10.2307/2958889
http://dx.doi.org/10.1093/sysbio/syq085
http://dx.doi.org/10.1214/aos/1016120364
http://dx.doi.org/10.1093/mnras/202.3.615

	Introduction
	State of the Art in Residential Flexibility Assessment
	Motivation and Contributions

	Methodology
	Quantitive Specification of Flexibility
	Model I: Two-Stage Single Variate Approach
	Stage I: Identification of Typical Deadlines
	Stage II: Parameterizing the Distribution of Configuration Times

	Model II: Single Stage Bivariate Approach

	Results and Discussion
	Model I Parameter Fitting and Analysis of Resulting Clusters
	Stage I: Analysis of Deadline Clusters
	Stage II: Analysis of Distribution of Configuration Times

	Model II Parameter Fitting and Analysis of Resulting Clusters
	Analysis of Model Efficiency for Data Regeneration
	Dependency Analysis Using Statistical Tests

	Conclusion
	Future Work

	Appendix
	References

