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a  b  s  t  r  a  c  t

A  key  component  to understanding  demand  response  programs  design  is elasticity,  which  reflects  cus-
tomer  reaction  to economic  offers.  In  this  work,  customer  elasticity  for  Incentive  Based  Demand  Response
(IBDR)  programs  is estimated  using  data  from  two nation  wide  surveys  and  integrated  with  a  detailed
residential  load  model.  In  addition,  incentive  based  elasticity  is  calculated  at  the  individual  appliance
level  since  this  is more  effective  for operations  than  at an aggregate  value  for a feeder.  The  concept  of
appliance  base  elasticity  is derived  from  various  contributions  of each  appliance  in the  aggregate  load
signal  and  the  necessity  of use  for  the  customer.  Results  show  that the  needed  customer  incentive  for
certain  loads,  such  as, lighting  and  washing  is  less  than  HVAC,  but since  the  HVAC  energy  share  in total
load  is  much  higher  generally,  it  has greater  elasticity.  Considering  the  important  role  of  HVAC  in  the
aggregate  load  signal,  the  elasticity  is  studied  in  more  detail  using  estimates  of  different  thermostat  set-
tings.  Analysis  shows  that  elasticity  of HVAC  decreases  while  average  power  increases.  To disaggregate
the  load  signal  for each  appliance,  a constrained  non-negative  matrix  factorization  (CNMF)  method  is
proposed.  In  addition,  this  method  is used  to  decompose  the  HVAC  signal  to identify  different  thermostat
settings.

© 2017  Published  by  Elsevier  B.V.

1. Introduction

Modern economies depend on electricity to ensure comfort,
dispense information and provide entertainment and other conve-
niences. Providing these services requires a highly capital-intensive
industry with large investments in order to maintain adequate
infrastructure. It must also have the ability to expand to meet
changing societal needs. At the same time, the deregulation of
the electricity market in many developed countries, unstable oil
prices and continuing global warming concerns has put pressure
on these investments. This deregulation has rekindled interest
in energy conservation and demand management to reduce, or
reshape, electricity consumption [1]. Demand side management
has the potential for significant savings through various programs,
such as price signals or other financial incentives [2].
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According to the U.S. Department of Energy, the residential sec-
tor accounted for approximately 40% of the electricity consumed
in the U.S. in 2015, making it the nation’s largest sector in terms
of electricity consumption [3]. The U.S. Federal Energy Regulatory
Commission reports that 80% of the potential peak load reduction
has already been achieved for large commercial and industrial cus-
tomers [4], but only a small proportion from the residential sector.
Thus, given the significant size of the residential sector and rela-
tively sparing use, residential demand response has the potential
to greatly reduce electricity costs. The focus of this study is on
the estimation of elasticity in the residential sector from a system
operation point-of-view.

The literature broadly shows two types of demand response
(DR): price-based (PB) and incentive-based (IB) [5]. Price-based
demand response (PBDR) programs pass on the variation of whole-
sale market electricity price directly to customers so that they pay
for the value of electricity at different times of the day. Incentive
based demand response (IBDR) programs offer customers incen-
tives in addition to their retail electricity rate, which may be fixed
or time-varying for their load change [5]. An important factor in
the design of demand response programs is understanding how
demand changes in response to incentives or tariff changes, which
in economic terms is called the elasticity. Before the deregulation
of the electricity network, elasticity was  mainly used as a tool to
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understand customer load consumption and load forecast analy-
sis [6–8]. In today’s power market, elasticity is a powerful tool to
design demand response programs, especially for small customers.
A quick review of most current studies about both types of DR pro-
grams shows elasticity is a key factor in representing the relation
between utilities financial signals and customer load change [9,10].

The distinction between customer response to a price or incen-
tive signal is the main motivation for this study. IBDR as a reward
program should compare favorably to PBDR programs, which cus-
tomers may  see as a punishment from both an economic and
behavior viewpoint. Accordingly, customer response to the change
in electricity tariff (PB elasticity) could be different than load change
due to incentive signals (which we called IB elasticity). The IB elas-
ticity provides important information on the demand response of
consumers to the financial incentives. Presently, empirical esti-
mates of incentive-based elasticity are scarce.

1.1. Literature review

Many studies on price elasticity of electricity have been con-
ducted over the years, especially during the 1980s and early 1990s
when energy prices were rising rapidly and concerns about energy
conservation increased. The majority of studies that estimate elas-
ticity use a demand modeling technique to calculate price and
income elasticity of electricity. Electricity demand modeling has
been one of the most heavily studied energy and has been the sub-
ject of a number of surveys over the last four decades; elasticity
estimation is usually a part of these studies. One of the oldest stud-
ies was done by Houthakker [6] who estimated residential demand
for 42 towns in U.K. in 1951. He found price elasticity near to unity.
On the other hand, Fisher and Kaysen [7] in 1962 estimated resi-
dential price elasticity almost inelastic and close to zero. The value
of elasticities varies significantly depending on data set, modeling
technique, location, time and etc.

When looking at empirical estimates of elasticities of electricity
demand, one can distinguish between long term elasticities, short
term elasticities (i.e. 1 year or less) and elasticities from time-of-
use studies. For short term, residential price elasticity is small but
still larger than for large customers whose elasticity in the short
term is almost zero [28]. Short term price elasticity ranges from
−2.01 to −0.004 with a mean of −0.35 and median of −0.28. Long
run elasticities estimates vary between −2.25 to −0.04 with a mean
of −0.85 and median of −0.81 [1]. Al Faris [8] and Jones [13] both
report short term elasticity around −0.04 using an error correction
model and loglinear method, respectively. Jones found higher elas-
ticity using a translog technique on the time series data from 1960
to 1992. Long term elasticity varies widely with Al Faris reporting
−0.82 and only −0.207 using the method in Jones work.

Beenstock et al. [14] estimate long term elasticity in households
of −0.6 using time series data from 1973 to 1994. Walters et al.
[15] found two different long term elasticities using loglinear or
translog methods of −0.26 and −0.1. Houthakker and Taylor [16]
estimate long run elasticity in the United States in 1970s of around
−1.89. Holtedahl and Louts [17] report household long term elas-
ticity in Taiwan around −0.16 using time series data from 1955 to
1996. The common point between these studies is their estimation
for short run elasticity, which is around −0.15. Filippini [18] and
Narayan et al. [19] did not report separate elasticity for short term
and long term but they both estimate average elasticity around
−0.3 for Switzerland and Australia repressively. Bose et al. work on
India data [20] and Baker et al. project on U.K. [21] also just estimate
total elasticity for residential sector of around −0.7. There are also
several other studies that show price elasticity of electricity near
unity, such as, Houthakker et al. [22] in 1974 and Kamerschen et al.
[23] in 2004 both for United States residential demand. Halversen
[24] even found an elasticity greater than −1 in the United States.

Flippini and Pachauri study [12] in 2004 in India estimates elas-
ticity for urban area in different seasons, they found less elasticity
(−0.29) in summer and a higher one in monsoon months (−0.51).
Lebandeira et al. [28] also found that there is relation between out-
door temperature and short term elasticity. They found short term
elasticity of residential sector of about −0.25 will change at least
by 5% from hot to cold days.

There are relatively few papers discussing application of elastic-
ity to IBDR and almost all of them use price based elasticity in their
studies due to a lack of information about incentive based elastic-
ity. Cabera et al. [25] discuss IBDR for different incentive payments
and levels of customer willingness to participate. Price elasticity of
demand and demand management contracts are used to estimate
feasible load reductions under N-2 random system contingencies
and dynamic pricing DR. A case study of four types of customers
finds that customers with a greater availability of incentives tend
to reduce demand and as a result improve system reliability.

In the literature, elasticity is mainly reported for broad cus-
tomer types, such as, residential, commercial and industrial sectors.
Aggregating broad classes of customers may  obscure valuable infor-
mation and lead to inaccurate estimation of response, which may
be one explanation for the wide range of elasticity reported. Still,
there has been some efforts to find more detailed values for elas-
ticity. For example, Guardia et al. [27] clusters residential customer
load profile based on their similarity and report elasticity for each
group. Studies segmenting elasticity based on demographic infor-
mation, such as, income of customers, urban or rural area and so on,
is reported in [28,12]. This paper seeks to refine these efforts down
to the appliance level and consider current operating conditions as
well as other relevant factors. We measure customer response to
financial incentives by conducting surveys across the United States.
This use of micro level information allows an expanded evalua-
tion of the diversity of customer response across demographic and
geographic subgroups [12].

Using elasticity as a powerful tool to model customer response is
presented in several studies. Daniel Kirschen et al. [10] in 2000 pro-
posed using customer elasticity in an market optimization model.
This work has discusses how elasticity can be taken into con-
sideration when setting the price of electricity in a centralized
competitive market and could help to reduce the overall generation
cost. In 2009, they used the combination of price based elasticity
and customer participation factors to show how much load shift
could save in a competitive electricity market [9]. Alami et al. [11]
used the price based elasticity model to simulate both incentive and
price base DR programs. In this paper, DR is modeled considering
both Time Of Use (TOU) and Emergency Demand Response Program
(EDRP) methods, simultaneously, using the single and multi-period
load models, based on the load elasticity concept. The proposed
model is implemented on the peak load of the Iranian Power Grid
and the optimum prices for TOU program and the optimum incen-
tives for combined TOU and EDRP programs are determined.

1.2. Contribution and motivation

Despite the important role of elasticity in most kinds of DR
designs, there are very few papers that studied details of elastic-
ity design for this purpose, and there is almost no study about
the estimation of customer elasticity towards incentive-based DR
programs. As a novel contribution, this paper estimates the res-
idential customer elasticity in response to IBDR programs that
could provide valuable information about customer behaviours.
The reported incentive-based elasticity in this paper is unique and
could help researchers design more accurate and precise models
for IBDR programs in residential sectors. We  evaluate aspects of
elasticity associated with
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