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Abstract: In this paper, the evaluation of load reduction through customer baseline load calculation is investigated.
Moreover, the impact of accuracy of this calculation on the peak time rebate program offered to residential customers is
investigated. In a hypothetical case, this program is offered to residential customers and its economic performance is
evaluated with respect to the customer baseline load accuracy performance. For the purpose of this analysis, two
popular methods of High50f10 (commonly known as NYISO method) and regression, and their adjusted forms are
selected to compute the customer baseline load. Then, this calculation is utilized to examine the performance of a
hypothetical case of peak time rebate program offered to 300 residential customers collected by the Irish Commission
for Energy Regulation smart metering trial dataset. Based on the results of the case study, this hypothetical utility pays
over 50 percent of its revenue as a rebate just because of the inaccuracy of the customer baseline load calculation
methods. This loss would increase if the aforementioned methods get adjusted for the morning consumption. In the end,
it is discussed that peak time rebate programs can cause an unfair redistribution of the utility’s revenue. Moreover, it is
argued that such random distribution of rebates can cause a financial loss to the customers eventually.

Keywords: Demand Response (DR), Peak Time Rebate (PTR), Percent Accuracy Metrics, Percent Bias Metrics,
Customer Baseline Load (CBL).

I. INTRODUCTION

The electricity markets are developing steadily over many years of restructuring and competition and as a result, many
points of inefficiencies are detected and resolved on the supply side [1-3]. With the advance of new components in the
power network such as solar cells and wind turbines the traditional one-way direction supply has changed. Plug-in
electric vehicles (PHEVS) are being used in power grids in recent years [4]. They can be used as both energy consumers
and suppliers.

However, due to overcoming conflicting interests of different stock-holders in the electricity market, the demand-side is
still plagued with many inefficiencies [5]. Recent studies suggest that demand response (DR) programs can provide a
reasonable response to such challenges. These programs can open up various possibilities to system operators as well as
utilities in hopes of improving both economic and technical indices of their systems [6-7]. In [8] An Optimal security
constrained Demand Response in Home Energy Management System is performed, using the Genetic Algorithm.
Genetic algorithm can easily solve nonlinear constrained problems [9-10].

Although DR programs look highly promising in theory, a host of problems make them difficult to implement in
practice. These problems root in diversity of customers, loads and heterogeneity in types of DR programs [11-13]. As a
result, due to such complications, policy makers are concerned about the way load aggregators compensate customers
financially. Utilities conventionally offer electricity at a flat rate. This flat rate reflects the average cost-of-service plus a
premium that compensate the retailer for the risks associated with buying variable price electricity and selling it at a
fixed rate. DR programs offer a different pricing structure in order to affect the customers’ decision regarding their
consumption. As one of the solutions to the abovementioned issues, decentralized methods for interconnection of the
DRs have been developed. For example, in [14], Hamidi et al provided a thorough literature review on different control
methods for DR interconnection and suggested a new decentralized method for controlling the DRs in all operation
modes of smart grids. However, decentralized methods inherently are not able to find the global optimum points.

Many DR programs rely on customer baseline (CBL) to compensate customers financially for their load reduction. CBL
is a counterfactual consumption level, i.e. the amount of electricity that customers would have consumed in the absence
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of DR event. CBL is also a basis to measure DR programs’ performance. A well-designed baseline could benefit all
stakeholders by aligning their incentives, actions and interests. However, authors in [15] show that, in practice, because
of the complicated nature of forecasting and limited availability of the information about customers’ future plans and
other relevant parameters, designing such CBL is not an easy task [16].

An extensive review of CBL calculation methods has been presented by authors in [17]. Their paper examines
empirically numerous methods used by utilities and 1SOs within the US. For carrying out such task, they employ real
data from several hundred commercial and industrial customers in California State, and in order to evaluate the
performance of the methods, they utilize accuracy and bias metrics. These metrics are employed by this paper as well,
and they are elaborated in the future sections.

Moreover, an industrial working group from California State tries to examine methods for CBL estimation in [18]. This
study is part of the broader evaluation of California’s 2004 DR programs, which targeted the industrial and commercial
customers. The methods examined in this study are 3-day, 10-day and prior-day CBL calculation methods. According to
the results, 10-Day CBL calculation method with same day adjustment is the most accurate approach.

In another attempt to evaluate CBL calculation methods, the authors in [18-19] evaluate the methods’ performance on
non-residential buildings in California. This work which is conducted in Lawrence Berkeley National Lab (LBNB) on
sample data from 32 sites in California, and it employs a statistical analysis to evaluate the performance of different CBL
calculation models for non-residential buildings participating in DR program with emphasis on the importance of
weather effects. According to the results, applying the morning adjustment could significantly reduce the bias and
improve the accuracy of all CBL models.

The effect of CBL accuracy on residential customers’ decisions in DR programs are assessed by the authors in [20]. In
their study, different CBL methods are compared and ranked based on their accuracy and biases. Moreover, the study
explains how CBL will affect customers’ decision and participation in a DR event and how it affects both customers and
utility profit.

In this paper, two CBL calculation methods and their adjusted forms are evaluated on real data collected from residential
customers. The details of the data will be described in the following sections. The accuracy and bias metrics are utilized
to evaluate the performance of the CBL calculations, and they, also, would be elaborated in future. Moreover, an
economic case is introduced to evaluate the economic performance of Peak Time Rebate (PTR) program. PTR program
is selected as a prominent example of a DR program that relies heavily on CBL calculation methods for its efficient
performance. PTR is one of the popular DR programs in electricity industry. This program is frequently employed by
utilities for their industrial customers. The performance of this program strongly hinges on the performance of CBL.
Although it is employed successfully for industrial customers, its performance for residential customers is untested. PTR
program is extremely appealing from the policy point of view as it requires a minimal revision to status quo and could
provide a huge positive impact if it works correctly. However, it is vulnerable to many implementation deficiencies. The
author in [21] reviews some of these practical issues including opportunities for gaming and problems with CBL
methods. Moreover, the authors in [22] studied behavioral aspects of customers’ engagement in the PTR program. It is
shown that the reward mechanism which PTR employs to incent the customers for load reduction is another source of
inefficiency in this DR program.

In this work, the CBL for residential customers are studied whereas previous works in this area [17-20] and [24] focus on
industrial and commercial customers. Industrial customers as opposed to residential customers have a high degree of
predictability due to their pre-scheduled loads. In past, because utilities were interested in the aggregated loads of
residential customers, a few studies have been done to analyze these customers in the individual level. However, since
DR programs need to deal with the customers in the individual level, recently, researcher have shown interest to this
topic. The authors in [25-26] have explored the CBL performances exclusively for the residential customers. Findings for
industrial customers could not be generalized to residential customers, and CBL calculation methods must be revisited.
What distinguishes this paper from the previous studies is that in this paper, the authors go beyond analyzing accuracy
and bias metrics of CBLs for residential customers and try to explain, first, what are the underlying mechanism of the
error in CBL calculation methods, and second, how these metrics translate into financial losses for utility and customers.
In order to carry out this analysis, an economic performance of a hypothetical case of PTR program offered to residential
customers is assessed. This case employs a real data from 300 customers collected by Irish Commission for Energy
Regulation (CER) smart metering trial dataset.

The rest of the paper is organized as follows. An overview of CBL calculation methods is provided in section Il.
Afterwards, in section Ill, first, the dataset is introduced, then, for the purpose of the error analysis, two metrics of
accuracy and bias are introduced. Afterwards, the signal processing analysis by using DFT is performed on the dataset.
The error metrics are then applied to baseline loads calculated for a dataset and the results are presented. In section 1V,
a case study for an economic analysis of PTR is introduced. The results of the case study as well as discussions are
presented in section V. The paper then concludes in section VI.
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Il. CBL CALCULATION

In this paper, two well-established methods of HighXofY and regression are selected for CBL calculation. Based on
many works in the literature, these two methods are two of the best methods for calculating CBL for large industrial
and residential customers. The algorithm and mathematical presentation of these methods are provided in [26].

In HighXofY methods, the subset of X days out of Y admissible days would be selected to calculate the CBL for the
event day by using the average of these X days. However, the conditions on the event day are often different from the
selected prior days. For this reason, X of Y baseline methods could be adjusted by the event day data. The same
procedure can be followed for regression methods as well. The adjustment is defined by time frame of adjustment and
it can be either multiplicative or additive. For the purpose of illustration, the concept of adjustment is shown through an
example adjustment in Fig. 1.

In what follows, each of the aforementioned choice of adjustments will be elaborated.

b (d,t) =a*(d,t) + b;(d,t) 1)

b(d,t) = a*(d,t) + b;(d, ) (2
Where:
at(d, t): Additive adjustment
a*(d,t) Multiplicative adjustment
a*(d,t) and a*(d, t) can be calculated as follows:

%2, 00, t =D —b(d, t— )

+ = ®)
at(d,t) r—
Y2, 1(d,t—1)
a*(d,t) = = t—-— 4
(.9 S b@ D @)
Where:
t The starting hour of the period used for adjustment
t, The last hour of the period used for adjustment
C A set of customers
T Timeslot division within a day
I(d,t—1) Actual load of customer
b(d,t—1i) Predicted baseline of customer

As previously discussed, the difference between actual load and the estimated baseline in the adjustment time frame
can be employed for adjustment purposes in two ways. Multiplicative adjustment uses the percentage change and
applies it to the estimated baseline. On the other hand, the additive adjustment uses the absolute change. These
adjustments are shown mathematically in (3) and (4). Time frame of adjustment is normally 2-4 hours before the start
of the event. It is reported that the choice of multiplicative or additive adjustment does not change the outcome
significantly [17], so in this work, the additive adjustment is used for adjusting CBL methods.
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Fig. 1 Example baseline adjustment
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I1ILERROR ANALYSIS

In this section, the dataset employed for the analysis of “classic” metrics of accuracy and bias is introduced and the
metrics are defined. Afterwards, these metrics are applied to CBL calculations and the results are presented.

A. Dataset

In this paper, the Irish CER smart metering trial dataset [27] has been employed. This dataset contains measurements of
around 5000 customers for the course of one and a half year from July 2009 to December 2010. In this paper, the data for
300 customers for the last three months of experiment (92 days) are used. Dec 22nd is selected as an event day due to
high electricity consumption.

B. Error Metrics

The hourly accuracy and bias of each baseline is analyzed in the following subsection. Let C be the set of all 300
customers, D be the set of all days in the data set, and T be the set of hourly timeslots in a day. Mean absolute error
(MAE) is utilized for measuring baseline accuracy as shown in (5).

Yiec Laep eerlb;i(d, t) — 1;(d, )]

accuracy = 5
Y C1IDLIT] ©
The lower the MAE, the higher the accuracy. Baseline bias is defined as shown in (4).
i b;(d,t) —1;(d, t
b]aS — ZlEC ZdED ZtGT( l( ) ( )) (6)

|C.ID[.|T|

It is worth mentioning that the difference between accuracy and bias, as expressed in (5) and (6) is the value of the
difference between CBL and the actual consumption, which MAE uses the absolute value, while bias uses the real value.
According to (6), baseline methods with positive bias overestimate the customers’ actual consumption and vice versa.

C. Signal processing

Before starting to calculate the CBL, first, the consumption load is analyzed by a standard signal processing procedure.
The rationale behind this subsection is to see the recurring patterns inside the signal. For this purpose, the load is
decomposed to its underlying components by Discrete Fourier Transform (DFT). Then it is divided into two parts: the
part that has frequencies within the day (less than 24 hours), and the part that has frequencies beyond one day (more than
24 hours). The former is called high frequency load, and the latter is called low frequency loads. Figures 2 and 3 show
these signals for a random customer. The original is normalized for better comparison. By comparing these two figures,
it is understood that the high frequency signal is as big as low frequency signal in magnitude. It means that the random
and high frequency components of the signal are as significant as the predictable and low frequency components of the
signal. It is a sign that it is very hard to calculate the CBL without using any other features from customers’
characteristics. For this subsection, an index is defined as randomness level index as in (7).

_ XL abs(fMe" (1)
T T ST abs(flow ()

Where r is the randomness level, T is the number of hours in the signal (i.e. 2208 hours), and fhig" s the high frequency
signal, and f°¥ is the low frequency signal. The average of randomness level for all 300 customers is 1.03, which
basically means close to 50% of the signal is unpredictable and random. However, it is worth mentioning that this
randomness level is defined around one day. There are some other ways to select this benchmark. For example, some
researchers believe that 8 hours is a better benchmark, because most of the residential customers follow the cycle of 8
hours work, 8 hours rest, and 8 hours sleep. However, in this paper, one day (24 hours) is selected for simplicity.

(6)

D. Analysis

In this part, CBL for all the customers is calculated. In order to observe the details and challenges of CBL calculation,
the CBL is calculated for one random customer. Fig. 4 illustrates the actual load and the CBL for the customer. As
shown in Fig. 4, although NYISO and regression are two effective CBL calculation methodologies for the industrial
sector, they show lukewarm results in the residential sector, and in almost all the hours in the event day, the difference
between the estimation and the actual load is significant. This observation will be confirmed by the results of the error
analysis. Moreover, in figures 5 and 6, it is illustrated how that particular customer is going to be rewarded at event
hours under NYISO and regression methods, respectively. When actual data is less than CBL at event hours (red area),
the customer is rewarded for kW difference. However, when CBL is less than actual data at event hours (green area), no
action is going to be taken by utility and the customer is still charged with the base price. The yellow area represents
non-event hours. The average of accuracy MAE and bias of NYISO and regression methods for event hours for all
customers are shown in Tables I. According to the results, adjustment does not improve the outcome of employed CBL
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methods for residential customers. In order to see the financial impact of these accuracy and biases, in the next section, a

hypothetical case of a PTR program is offered to the dataset in order to investigate how these metrics translate into
financial losses for the utility.

IV.CASE STUDY

For economic analysis of PTR program, the accuracy of CBLs employed for payment settlement must be taken into
consideration. In this section, a case of PTR program is introduced and its economic performance is analyzed. This PTR

program pays $0.35/kWh as a reward for load reduction and a base price of $0.097/kWh as fixed tariff. The event starts
from 3:00 P.M. and ends at 9:00 P.M.

TABLE | ACCURACY “MAE” AND BIAS FOR EVENT HOURS

NYISO Adjusted NYISO Regression Adjusted Regression
Accuracy MAE (kWh/hr) 1.44 1.68 1.40 1.45
Bias (kWh/hr) +0.12 +0.72 -0.46 -0.14
1
0.9
0.8}
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Fig. 2 The low frequency signal of the electricity consumption for one random customer in the dataset.
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Fig. 3 The high frequency signal of the electricity consumption for one random customer in the dataset.
3.5

-=-Regression CBL
3 —-=NYISO CBL
— Actual load

N A
R /\
nAC s A

o

O Y - N = MV SN

AN A L2 { ) VA

3 6 9 12 15 18 21 24
Hour

Fig. 4 Actual data vs. CBL for one random customer in the dataset
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V. RESULTS AND DISCUSSION

In this paper, the data is free from DR event. Therefore, if the CBL is 100% accurate, the load reduction must be zero.
On the other hand, if any load reduction is observed, it can be attributed to the inaccuracy of the CBL method. In this
dataset and for the case study, the utility revenue from the total of 300 customers on the event day is $1465.5 for selling
1.51 MWh. Table Il lists the load reductions under NY1SO, adjusted NYISO, regression and adjusted regression CBL
methods. It also shows how much rebate this utility must pay to these customers on the event day. For the illustration
purpose, the results of this table are shown in Fig. 7.

As discussed earlier, all the rebate money is incurred because of CBL inaccuracy. According to the results, in this PTR
program for residential customers, inaccuracy of CBLs costs this hypothetical utility over half of its revenue on the
event day. As is shown in this table, the value of the load reduction as a percentage of consumption on event day is
always above 14%. In most of DR programs, the intention is to induce customers to reduce their elastic demand during
peak time, and since the elastic demand during peak time consists a small portion of the total load of a household
demand [28], an error with this magnitude, disables the CBL to distinguish between the real demand reduction and load
reduction. It is worth reminding that this load reduction is just an inaccuracy error, and ideally it must be zero.
According to the signal processing analysis of the load signal, the high error in this order of magnitude was expected.
However, the acceptable performance of CBL calculation methods for customers from different sectors (e.g. large
industrial and commercial customers) can be attributed to the different nature of the personal and professional
activities. As discussed earlier, according to the findings of multitudes of successful PTR programs offered to industrial
customers, adjustment improves the results of CBL methods significantly, but in this case, the adjustment deteriorates
the outcome of these methods.

It is worth discussing that the utilities, due to their obligation to serve, must make sure that they have enough electricity
to serve in any situation. DR programs can help the utilities in emergency situations. One of these situations is peak
time of some special days when electricity in the wholesale market is either very expensive or unavailable. DR
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programs can help to relieve part of this pressure. Utilities, in response to such pressures, might accept any available
program that induces customers to lower their peak consumption regardless of its damage to their revenue.

However, the utilities reflect their cost-of-service into their retail rates. Therefore, ultimately the customers are the one
who feel most of the aforementioned financial losses. Moreover, this loss of revenue redistributes among the customers
randomly. In other words, this program rewards and punishes the customers haphazardly. This random redistribution of
the loss cast a shadow on the fairness, and ultimately on the performance of the program.

TABLE Il LOAD REDUCTION AND “PTR” PAYMENT SETTLEMENT
NYISO | Adjusted NYISO | Regression | Adjusted Regression

Load reduction as a percentage of

. 22.7 43.9 14.4 23.9
consumption on event day (%)
Rebate as a percent of utility revenue (%) 81.9 158.7 52.1 86.5
180 I I
load reduction/Consumption
LIS B T on event day (%) T
X o) S SO 1 Rebate/Utility revenue (%) o
D20 ] I R S
=
D [ 00 S : T
o
S 80 : e e —
[5)
o

60 , .- L | . _

I — tH 1 e . | . _
20} e H R N .

0

NYISO Adjusted Regression Adjusted

NYISO Regression
Fig. 7 Load reduction as a percentage of consumption on event day (%) and rebate as a percent of utility revenue (%) for
NYISO, regression, and their adjusted form.

VI.CONCLUSION

In this paper, the impact of accuracy of CBL on PTR programs offered to the residential customers was investigated.

Previous studies in this area focused on industrial and commercial customers. For the purpose of analysis, High50f10

(NYI1SO) and regression methods and their adjusted forms are selected to compute the CBL. The calculated baselines are

utilized later to examine the economic performance of PTR program.

The key conclusions of this study are:

e From signal processing analysis of the loads, it is understood that the residential customers have a significant high
frequency components that are hard to predict.

e The sum of the absolute value of high frequency components of the residential customers’ loads are almost equal to
the low frequency components (r=1.03).

e For the 300 customers and just on an event day, the utility pays about 81.9% and 52.1% of its revenue as a rebate just
because of the inaccuracy of NYISO and regression CBL calculation methods, respectively.

e The additive adjustment did not improve the results in this case study. Conversely, it had a negative impact on the
accuracy of each CBL method.

e The PTR program in the absence of an accurate CBL calculation methods can cause a significant loss to the
customers and cause unfair redistribution of the utility’s revenue.

Based on presented results, it could be concluded that PTR programs may be very inefficient for the residential
customers. It is worth emphasizing that the inefficiency stems from the failure of CBL calculation methods to predict
residential customers’ load profile on event days accurately.

In future work, the authors plan to use a dataset with longer span of time and multiple events in different times of a year
to investigate the weakly and seasonal cyclic components of residential customers’ electricity consumption. Also, it is
intended to study the performance of CBL calculation methods in the presence of a real DR event. Finding the baseline
load accurately in the presence of a real DR program is another chief concern in measurement, verification and
evaluation of CBL calculation methods.

Copyright to IJIREEICE DOI 10.17148/IJIREEICE.2017.5801 7



-
IJIREEICE

(1
[2]
(3]
[4]

[5]
(6]
[’
(8]
[9]
[10]

[11]

[12]

[13]

[14]
[15]
[16]
[17]
[18]
[19]
[20]
[21]
[22]
[23]

[24]

[25]
[26]

[27]
[28]

UGC Approved Journal
IJIREEICE "S5 (Prmg 2521 5626

] International Journal of Innovative Research in
Electrical, Electronics, Instrumentation and Control Engineering

ISO 3297:2007 Certified
Vol. 5, Issue 8, August 2017

REFERENCES

B. Vatani, N. Amjady, H. Zareipour, "Stochastic self-scheduling of generation companies in day-ahead multi-auction electricity markets
considering uncertainty of units and electricity market prices," in IET Generation, Transmission & Distribution, vol.7, no.7, pp.735-744, July 2013
M. A. Chitsazan, A. M Trzynadlowski, “Harmonic mitigation in interphase power controllers using passive filter-based phase shifting
transformer”, Energy Conversion Congress and Exposition (ECCE), 2016 IEEE, pp. 1-5, Sep. 2016.

M. A. Chitsazan, M. S. Fadali, A. K. Nelson, A. M Trzynadlowski, “Wind speed forecasting using an echo state network with nonlinear output
functions”, American Control Conference (ACC), 2017 IEEE, pp. 5306-5311, May. 2017.

Niazazari, |., Abyaneh, H. A., Farah, M. J., Safaei, F., & Nafisi, H. (2014, May). Voltage profile and power factor improvement in PHEV
charging station using a probabilistic model and flywheel. In Electrical Power Distribution Networks (EPDC), 2014 19th Conference on (pp.
100-105). IEEE.

V. Sarfi, I. Niazazari, and H. Livani, "Multiobjective fireworks optimization framework for economic emission dispatch in microgrids." North
American Power Symposium (NAPS), 2016, pp. 1-6, Nov. 2016.

S. Mohajeryami, et al., “A novel economic model for price-based demand response,” Electric Power Systems Research (EPSR) , Volume 135,
June 2016

M. A. Chitsazan, A. M Trzynadlowski, “State estimation of IEEE 14 bus with interphase power controller using WLS method”, Energy
Conversion Congress and Exposition (ECCE), 2016 IEEE, pp. 1-5, Sep. 2016.

Zhuang Zhao, Won Cheol Lee, Yoan Shin,, and Kyung-Bin Song. “An Optimal Power Scheduling Method for Demand Response in Home
Energy Management System”. IEEE Transactions on Smart Grid, pp. 1391 — 1400, 2013.

S. M. Reza Tousi, Sima Aznavi, “Performance optimization of a STATCOM based on cascaded multi-level converter topology using multi-
objective Genetic Algorithm”, Electrical Engineering (ICEE), 2015 23rd Iranian Conference on, pp.1688-1693, 2015.

S. Aznavy, A. Deihimi, “Determining Switching Angles And Dc Voltages In Cascaded Multilevel Inverter For Optimizing Thd In Different
Output Voltage Levels Using Genetic Algorithm”, 6th International Conference on Technical and Physical Problems of Power Engineering, pp.
449-453, September 2010.

A. Asadinejad, K. Tomsovic, M.G. Varzaneh, "Examination of Incentive Based Demand Response in Western Connection Reduced Model",
North American Power Symposium (NAPS), Oct 2015

Sarfi, V., V.Hemmati, and M.M. Arabshahi. ”Simulation of PTC devices as fault current limiters in power systems by finite element method.”In
High Voltage Engineering and Application (ICHVE), 2014 International Conference on, pp.1-4. |IEEE, 2014. Do0i:10.1109/ICH VE.
2014.7035503

M. Parvizimosaed, A. Anvari-Moghaddam, A. Ghasemkhani, A. Rahimi-Kian, A. Anvari-Moghaddam, A. Ghasemkhani, and M.
Parvizimosaed, “Multi-objective dispatch of distributed generations in a grid-connected micro-grid considering demand response actions,” in
22nd International Conference and Exhibition on Electricity Distribution (CIRED 2013), 2013, pp. 51-51.

R. J. Hamidi, H. Livani, S. H. Hosseinian, and G. B. Gharehpetian, “Distributed cooperative control system for smart microgrids,” Electric
Power System Research, Vol. 130, pp. 241-250, 2016.

S. Mohajeryami, M. Doostan, P. Schwarz, “The impact of Customer Baseline Load (CBL) calculation methods on Peak Time Rebate program
offered to residential customers,” Electric Power Systems Research (EPSR), Volume 137, August 2016

Foruzan, Elham, Stephen D. Scott, and Jeremy Lin. "A comparative study of different machine learning methods for electricity prices
forecasting of an electricity market." North American Power Symposium (NAPS), 2015. IEEE, 2015.

M.L. Goldberg, G.K. Agnew, “Protocol Development for Demand-Response calculations: Findings and Recommendations”, Prepared for the
California Energy Commission by KEMA-Xenergy. 2003

Working Group 2 Demand Response Program Evaluation — Program Year 2004 Final Report. Prepared for the Working Group 2 Measurement
and Evaluation Committee, by Quantum Consulting Inc. and Summit Blue Consulting, LLC, 2004.

K. Coughlin, M.A. Piette, C. Goldman, S. Kiliccote, “Statistical analysis of baseline load models for non-residential buildings.” Energy and
Buildings, Vol. 41, no. 4, pp. 374-381, 2009.

K. Coughlin, M.A. Piette, C. Goldman, S. Kiliccote, "Estimating Demand Response Load Impacts: evaluation of baseline load models for non-
residential buildings in California." Lawrence Berkeley National Laboratory proceedings, 2008.

T.K. Wijaya, M. Vasirani, K. Aberer, "When Bias Matters: An Economic Assessment of Demand Response Baselines for Residential
Customers," in IEEE Transactions on Smart Grid, vol.5, no.4, pp.1755-1763, July 2014

H.P. Chao, “Demand response in wholesale electricity markets: the choice of customer baseline”, Journal of Regulatory Economics, Vol. 39(1),
pp. 68-88, 2011

S. Mohajeryami, P. Schwarz, P. Teimourzadeh, “Including the Behavioral Aspects of Customers in Demand Response Model: Real Time
Pricing Versus Peak Time Rebate", North American Power Symposium (NAPS), Oct 2015.

SHARMA, Desh Deepak, Jeremy Lin, and Foruzan, Elham "ldentification and characterization of irregular consumptions of load data." Journal
of Modern Power Systems and Clean Energy: 1-13.K. Coughlin, M.A. Piette, C. Goldman, S. Kiliccote, "Estimating Demand Response Load
Impacts: evaluation of baseline load models for non-residential buildings in California." Lawrence Berkeley National Laboratory proceedings, 2008.

S. Mohajeryami, M. Doostan , A. Asadinejad, and P. Schwarz, "Error Analysis of Customer Baseline Load (CBL) Calculation Methods for
Residential Customers", in IEEE Transactions on Industry Application, 2016

S. Mohajeryami, A. Asadinejad, M. Doostan, "An Investigation of the Relationship between Accuracy of Customer Baseline Calculation and
Efficiency of Peak Time Rebate Program", in Power and Energy Conference at Illinois (PECI), Feb. 2016.

Smart Metering Trial Data Publication, Irish CER, 2012.

A. Faruqui, R. Hledik, S. Sergici. "Piloting the smart grid." The Electricity Journal 22.7, pp.55-69, 2009

Copyright to IJIREEICE DOI 10.17148/IJIREEICE.2017.5801 8


http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7835398
http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7835398
http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7835398
http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7835398
http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7128762
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=JTP06TYAAAAJ&authuser=1&citation_for_view=JTP06TYAAAAJ:9yKSN-GCB0IC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=JTP06TYAAAAJ&authuser=1&citation_for_view=JTP06TYAAAAJ:9yKSN-GCB0IC

