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Abstract

The development of Demand Response (DR) is a basic step to achieve an increase of the flexibility in Power
Systems, in the short and medium, term to balance the volatility of the new generation mix foreseen in the
horizon 2020. At the same time, it is necessary to deploy tools to evaluate the performance of DR policies to
obtain precise economic feedback for all the actors. This should increase the engagement of new resources
from the demand-side. The verification of DR involves a right estimation of the customers’ steady-state load
without control: the customer baseline load (CBL). The aim of this paper is to compare the accuracy of the
traditional and simple methods based on historical data to calculate CBLs with a specific Neural Network
based method and, with both methods test the significance of adjustment coefficients in the increase of the
accuracy or results. To develop this proposal, a demand database from a SME customer in the south east of
Spain is analysed. Results show that it is possible to improve the performance of CBLs without increasing
their complexity, which enables the removal of some technical barriers of more complex baseline approaches.

1. Introduction

A main concern for energy actors and authorities is the development of the portfolio of Demand Response
(DR) on an equal footing with respect to conventional Supply-Side resources and integrate in this portfolio
new resources (Distributed Energy Resources, DER) such as Energy Storage Systems (ESS) and Renewable
Energy Systems (RES). For instance, the article 17 of the EU Directive 2019/944 establishes that “Member
States shall allow final customers, including those offering DR through aggregation, to participate alongside
producers in a non-discriminatory manner in all electricity markets” [1]. This issue includes the payment for
the resource’s performance, but the flexibility must be measured and verified in an easy and right way.

The achievement of this objective requires accurate and understandable economic flows: customers should
receive credit according to the flexibility they provide, which needs an accurate evaluation of the changes in
demand that occurs after DR performs. A forecast of demand (demand and generation, in the case of
“prosumers”) considering loads and other DER resources is needed. The physical behavior of loads and
customers can change due to several parameters: weather, type of day, end-use shares, gaming possibilities
and, specifically, the frequency of activation of DR events. Aggregators, Load Serving Entities (LSE) and
System Operators (DSOs or TSOs) should estimate the “steady-state” of loads of their customers without DR
(that is, the so-called Customer Baseline Load, CBL) with respect to available Smart Meter (SM)
measurements after DR.
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Several attributes are theoretically required for a good CBL: accuracy, simplicity, replicability and integrity. The
accuracy of both the baseline estimation and the achieved flexibility is important to avoid erroneous
incentives or penalties for DR and, in this way, promoting and encouraging customer participation. The
accuracy is @ main concern because the interest in DR may be reduced on the premise that management and
enabling technology costs (e.g., smart thermostats and control) are usually high, and this casts a doubt on the
recovery of the investment made in those enabling technologies. These issues have been a determining factor
(a barrier, as stated in [2]) for the reduced participation of customers in implicit DR (price-response). For
instance, in New York ISO there was some historical participation since 2006 [3] and a considerable interest in
Demand Side Flexibility (DSF) to price, but during 2017 there was not any active price participation in the NY.
Other power systems have a similar experience and the estimated revenue for economic DR (implicit DR) are
quite small in comparison with capacity payments for explicit DR. For example, these figures have been
reported by PJM in the USA [4].

Moreover, a CBL methodology must be robust to avoid some manipulation attempts of specific customers or
entities, more interested in gaming than in DR. Forced changes in patterns to alter revenues should be
detected by CBL to ensure DR integrity and a fair and correct revenue. Besides, CBL methodology should be
simple to be understanded by customers, and this methodology should consider the idiosyncrasy of
customers and markets where DR is deployed. If CBL is too complex it becomes a barrier, it could lead to a
lack of interest by aggregators and customers. CBL should be also replicable, in the sense that we need some
degree of standardization in CBL, to avoid the development of specific methodologies for each customer,
country, product and market. Therefore, it is significant that regulators could provide different methods to
compute CBL and agree with the other parties (customer and aggregator) a specific method. This seems a
possibility to increase the customer engagement in DR policies and mitigate gaming. This option is usually
deployed by operators and utilities (e.g., the notification of DR mechanisms, in France [5]).

The rest of the paper is organized as follows. Section 2 deals with the literature review of CBLs. In Section 3,
different CBLs are revisited, and their adjustments are introduced. Section 4 outlines the case study (a
commercial customer) through two different methodologies and the results obtained for the case study when
the proposed methods are applied. Section 5 presents the conclusions.

2. Literature Review

The increase in renewable generation, and the objective of decarbonisation by 2030-2050 in most of
countries around the world, will increase the interest of DR policies in wholesale, retail and future local
markets. The measurement and verification of DR is a main concern for the effective engagement of new
DR/DSF resources and, consequently, the interest in the development of CBL calculation methodologies has
gained momentum since the last decade. At the same time, the figure of aggregators has increased its
importance in the European Union. Some examples are France and Spain, where the aggregation is (or will be)
more complex due to higher imposed thresholds to responsive demand capacity (around 1 MW) with respect
to power systems in the USA (100 kW). These limits can be a problem for customers and aggregators and
require the verification of the response (flexibility) for the qualification of responsive resources. This is
another complex requirement for small and medium customer segments.

Most of methods described in the literature [6], [7], involve two steps in the definition of CBLs. First, the
definition of the base profile and, second, an adjustment method to refine the initial estimation of demand,
especially when the load is sensitive to external inputs, for instance: temperature, humidity or solar radiation
in weather sensitive loads (air conditioning, heating, water heating, food storage...).

The success of DR policies since 2005 means that payments have increased [8], for example from $50 million
to $500 million in 2021 (PJM [4]), so more precision is required in the evaluation of the economic side of DR.
The interest and importance of this issue in the USA, Australia or Europe arise from a review of different
reports and projects dealing with baseline as a topic in their activities. Research laboratories [9], [10], research
consortia [11], [12], power system operators [6], [7], aggregators [13], utilities [14], [15], and energy and
environmental agencies [16], have defined and analysed different types of baselines, their metrics, and have
proposed some methods to improve their accuracy. This proliferation of methodologies, sometimes for specific
customers and systems, has made more complex the management of DR [17] and the participation of small and
medium customers (e.g., SMEs) which must be aggregated. The standardization and simplification of CBL
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methodologies arise as a necessity to remove DR barriers [2]. These attempts start in 2009 by the North
American Energy Standard Board which proposed a series of definitions for CBLs to improve the
harmonization of CBL methodologies. Later, US authorities assumed these definitions [18], [19]. For instance,
the US ISO/RTO council periodically summarizes a table [20] that lists the description, measurement and
verification parameters for DR programs across different ISOs.

Literature also depicts methods for different customer segments and regions, and some of them establish
comparisons between these baselines. Lawrence Berkeley reported in [9] some methods for non-residential
buildings. This research confirmed that base profile benefits its performance with adjustments before the DR
period, but they recommend the use of different models for different groups of loads (due to the different
weather sensitivity of loads in each segment). In [15] conEdison reported that simple baselines (e.g., High3of5
or Mid50f10) usually perform well for different segments, but when more sophisticated methods are used in
a customer segment (e.g., regression analysis for a customer segment), it appears inherently inaccurate for
other individual customers and days. This is especially significant for small customers, mainly for residential
consumers. Similar results are reported in [14] by San Diego Gas & Electric. Authors conclude that any method
is close to being accurate for individual customers on individual event days. In conclusion, more complex
baselines only provide marginal improvements in accuracy but at a higher computational cost.

In [21], authors present different methods to evaluate the base profile of demand, from white-box to black-
box models, but without any estimation of relative accuracy. Nevertheless, authors state that the accuracy of
black-box methods depends on the training procedure, which must be repeated anytime a physical change of
the system occurs, which makes more complex the aggregation. In [22] authors propose the so called “control
group” approach, i.e. the clustering of customers onto different groups according to consumption patterns to
reduce the randomness of individual demands and improve the performance of CBL. This method also
presents some drawbacks [23] because it may be hard to uniquely define the best control group that properly
captures the customer behavior of the DR group of participants. Basically, the necessary classification of
demand into homogeneous, quasi-homogeneous or heterogeneous groups is a conclusion previously
established in DR planning and management [24], [25]. This fact is important because it demonstrates that DR
operation and verification should share common methodologies and procedures, and this can simplify DR,
especially when aggregation of customers is needed.

It is interesting to note that short-term load forecasting (STLF) shares common methodologies with CBL
methods because both provide demand forecasts in the short-term. STLF comprises multiple methodologies,
for example, linear regression and Artificial Neural Networks (ANN) which can also be used to calculate CBLs
[26], [27]. Some other machine learning methods such as Support Vector Regression (SVR) and Support Vector
Machine (SVM) have been employed to forecast demand in [28]-[30]. Hybrid parameter optimization [28] and
ant colony optimization [29] have been proposed to find the optimal parameters for SVR, whereas SVM with
simulated annealing has been presented in [30]. The efficiency of ensemble methods based on regression
trees, such as random forest or boosting, have been analysed in [31]. Nevertheless, classical methods like
ARIMA models still perform well for demand forecasts. For this reason, hybrid models that combine two or
more different methodologies (ARIMA, SVM or ANN) outlined good results. For instance, SVM and ARIMA are
proposed in [32], [33], and the combination of ANN and SVM has been developed in [34]. A machine learning
approach to disaggregate load and photovoltaic (PV) generation from net load data is analysed in [35] to
obtain CBLs in prosumers. Authors conclude that reducing errors in the PV output power estimation can
improve the CBLs performance. In [23], authors use Gaussian Process regression for machine learning
because they state that the drawback of deterministic methods lies in their failure in capturing the dynamics
of complex user behaviors, particularly important for small to medium consumers with more variability.
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3. Methodology
3.1.0verall methodology

The increase of power systems flexibility in the scenario 2030-50 is based in the flexibility of Demand-Side
resources. Four tasks are critical for these resources (specifically for DR): planning, operation, measurement
and verification (figure 1). The proposal of this paper is that there are different methodologies that can be
used for each task, and, at the same time, some methodologies can be used for more than one task. These
synergies among DR tasks can make their management easier. Figure 1 shows a layout of this idea and the
interconnections between DR methodologies, developed by the Spanish Research Network REDYD2050.

The evaluation and deployment of DR potential need the use of load or end-use models, such as Physical-
Based Load Modeling (PBLM, considered as “grey” or “white” models). Another important issue to determine
the potential of flexibility (demand reduction levels, loss of load service, rate of change of demand, energy
recovery/snapback...) is the determination of the aggregated response [36] at several levels (from
homogeneous to heterogeneous groups of loads, or between loads and other DER resources). Aggregators
need some tools to perform DR simulations before the DR event for planning the operation of the responsive
loads (usually loads with some kind of energy or product storage [37] such as HVAC, WH, ice or heat storage
tanks). In this context, Non-Intrusive Load Monitoring, NIALM, plays an important role. NIALM allows to obtain
the end-use demand to tune and validate the parameters of PBLM models, as well as the definition of
average end-use patterns (i.e., the calculation of elemental load baselines [38] in customers where sub-
metering is not available or not affordable from the point of view of costs), all of them from SM
measurements (figure 1).

Regarding the participation in markets (wholesale or local energy markets [39]): the aggregator needs load
forecasts to define the energy requirements in day-ahead markets and avoid penalties in balance markets.
This can be done through specific forecasts [31], but CBLs can also be used. Weather or gains in efficiency
can be evaluated from modelling if these models are physical based. Finally, NIALM should contribute to the
verification of the performance of responsive loads before DR (to detect potential gaming) or during DR (load
flexibility).

As it has been discussed in section 2, segmentation methods can be crucial for achieving a refinement and a
gain in CBL performance, but it is also important to perform load aggregation and evaluate their DR potential
[40]. STLF and CBL can also provide feedback for PBLM toolboxes (e.g., the change in customer behaviour due
to market prices or due to frequency in event calls) which are common tools for day-to-day operation of
aggregators. It is also worth mentioning the linkage in the opposite sense, which is further considered in the
adjustment of CBL as it has been proposed in [40].
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Figure 1. Interaction among PBLM, CBL, NIALM and STLF tools according to [25] for evaluation purposes in DR.
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3.2.Characteristics and methodologies for baselines

As stated in section 2, a main problem with baselines is the lack of standardization. For this reason, the
literature describes different CBL methodologies. Some of these, developed “ad hoc”, can have excellent
results for its specific segments, DR products, markets and situations, but they can fail in different scenarios
[18], such as prosumers, small/medium customers or customers with a high share of weather-sensitive loads
(for example, commercial customers of buildings). Literature states that “base-profile” baseline methods
based on the use of historical data are a sufficient approach for obtaining a good and simple basis to further
develop CBLs with high accuracy through adjustment.

US Power Systems have two decades of experience with DR in different markets and consequently with CBL
methodologies and their problems and implementation barriers. To overcome these problems, NAESB defined
in 2009 five types of methodologies [24]: Maximum Base-Load; Baseline Type-l; Baseline Type-ll; Meter
Before/Meter After and Metering Generation Output.

Baselines Type-I&ll have been adopted as default methodologies by several ISOs, [41]. The Type-l is based on
historical demand data, which may also include other variables such as weather and calendar. The Type-ll
assumes the same idea, but it uses statistical sampling to estimate the aggregated consumption. With the
deployment of Smart Meters in last decade [6], [25], this methodology lacks a practical interest. The most
common CBLs in the literature are briefly described.

1. Maximum-Base Load (Firm Service Level): is based on the ability of a resource (DER) to reduce its
consumption to a specified level: the so-called in some systems as Firm Service Level. The customer
should keep is demand below this level to avoid some penalties. Sometimes it is also known as the
“non-baseline”.

2. Y-day Simple Average Method: to predict the CBL, the method uses the average demand over the Y
most recent non-DR days immediately before the DR event being considered. Usually from 3-day to
10-day-basis are used for this estimation [42].

3. Comparable Day Method: this also considers historical demand data to compute the CBL. In this case,
the method only takes one day that is selected for its similar conditions with the event day
(temperature, humidity, day of the week...). If sufficient relevant factors are not considered, the
forecast trend to be erroneous.

4. High/Middle/Low XofY baseline: the baseline is obtained again by averaging recent historical data. It
considers the demand of Y non-DR days preceding the DR event and it uses the average of the X
days with the highest (or middle, or lowest) demand within those Y previous days. These baselines
apply the so-called exclusion rules [19] (i.e.,, some days are not considered for the evaluation),

482



because operators assume that some variables can modify the pattern of demand. Up to 30 or 60
days can be used to define Y [13], but usually shorter periods such as 3, 5 or 10 days are used
because long periods could include too much changes in the demand pattern (especially for sensitive
loads). The use of High, Low or Middle depends on their use. HighXofY is the most common if DR
events are due to peak load periods. Some practical examples of these baselines are High5of10 in
California SO [7] or High150f20 in IESO, Canada [20]. These CBLs are calculated as follows:

X

1
CBLyr (d, b) =EZ:"1 G, h) (1)

i=1

where CBLxw(d,h) is the baseline at time h of day d; A(i,h) is the actual load for the i-th highest
(middle/lowest) energy day, at time h, among the previous Y non-event days, and X the number of
the highest (middle/lowest) days to be averaged in Y after exclusions.

Nearest XofY baseline: it focuses on the total consumption outside the DR event window to determine
which of the Y previous days are more like the event day. The X days (inside the Y interval) having
the closest demand to the DR day are selected. Then, the baseline is computed as the average
demand of these X days. Exclusion days are also applied.

Weighted Average method: this is based on a weighted average of the previous day’s CBL (some of
the above CBLx.fy). For instance, this method is used in Korea by KPX [43]. In this case, among the 10
reference days, the two highest and lowest days are excluded, and the remainder is used with
different weights. For example, KPX define weights such as 0.10, 0.15, 0.15, 0.20, and 0.25 ranging
from the older demand to the most recent demand. The main problem is the estimation of weights,
depending on the country and customer segment.

Exponential Moving Average: a weighted average of customer historical demand is considered again
in this option, but the weight decreases exponentially with time. The main difference with the
previous CBL is that it considers a broader spectrum for “X” days.

Control Group Methods: the method considers the possibility that the aggregator (or other power
agent) has a demand database with other non-responsive customers (in the same segment) from the
DR event day. The customers are clustered in similar groups and the DR customer’s load curve is
matched to one of these groups. Then, the CBL is calculated by averaging the load curves in the
selected cluster in per unit. More complex methods can use a weighted combination of load curves in
the cluster, or the load curves of the same customer and other customers on non-DR event days [44].

Short-term load forecasting methods: this cluster of methods comprises a wide range of alternatives.
For example, the CBL can be built using a customer-specific regression model, that besides historical
loads also weather conditions and calendar features (holidays, season, day of the week..) are
considered. In [42], CBL is estimated for campus buildings and with a high penetration of weather
sensitive loads (e.g., HVAC). For that, a linear model is fitted over the 5-minute period just before the
DR event and the 5-minute period immediately following the set time. Another example, is the use of
Neural Networks (NN) to estimate the CBL (a back propagation NN [27], [45]) where NN is adapted to
establish baselines in public buildings (South Korea and China, respectively), considering
meteorological indices. The close relationship between CBL estimation and STLF models allows that
many other methods (e.g., random forest) could be considered as an approach to compute the CBL.

3.3.Neural Network method proposed

Neural networks can be classified as a series of algorithms that endeavour to recognize underlying
relationships in a set of data. To compare traditional methods with more advanced techniques for obtaining
CBLs, different tests with NN of different complexity have been developed. One-layer, two-layer and three-
layer networks will be tested, with different number of neurons, a fixed number of samples for training,
validation and testing, and three of the most common used training algorithms: Levenberg-Marquardt (LM)
[46], Bayesian Regularization (BR) [47] and Scaled Conjugate Gradient (SCG) [48].The input and output layers
just pass on/out the information to/from the hidden layers, whereas these apply the sigmoid activation

483



Data from a commercial premise in the service sector in the south-east of Spain will be used, 2017 and 2018
data are used as the training validation and verification set for the NN (60/20/20 ratio used), and 2019 data
for testing the performance of the NN. In order to have a higher degree of correlation with traditional
methods, we will use calendar data as input to the neural network. Four input variables repeated for each
hour are established. Namely, the hour number from O to 23, the day of the month from 1 to 31, the month
of the year from 1 to 12, and the type of day of the week from 1 to 7. To reduce the input noise, type 1 days
(Sundays) are not considered. This is because, on this day, most of the commercial premises are closed.
Therefore, DR measures cannot be applied. As output, we have the value of the hourly power demand in kW.
Consequently, there are five types of variables counting the inputs and the output for each hour of the year.

Figure 2. Structure of a Neural Network with four input parameters and one output.
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Before obtaining the final solution, the use of other variables as an input was investigated. Variables such as
hourly temperature, or whether the type of day is a holiday or not, have been tested to develop the NN.
However, the inclusion of these variables was returning similar results in the prediction, so finally they are not
considered in the current research. It is considered that the 4 inputs variables that are explained before (hour
number, day number, month number and type of day) are enough to develop the NN as including the weather
conditions do not improve the performance of the NN.

3.4.The adjustment of baselines

The base profile defined by the baseline can be improved using adjustment methods that consider the
possibility that demand could change in the short-term with respect the first estimation done by the methods
described in paragraph 3.2. There are two main methods: multiplicative and additive adjustment that basically
represent the same idea. The objective of these adjustments is to modify the preliminary CBL to adapt it to
weather and demand conditions on the DR event day. The easiest way to evaluate these factors is the use of
pre-event DR data, and then calibrate the baseline using the observed non-event hours prior to DR periods. In
[9] the adjustment factor is defined by:

g A(d hy — (51 +K)
(@) = Ter P(ahe — (1% k) @

where amf(d) denotes the adjusted multiplicative factor for the day d: A(d, h) is again the actual load of day d at
time h; P(dh) is the predicted load (from unadjusted baseline or short-term load forecasting methods [31]) of
day d at time h; hO is the start time of the DR event; b1 is the buffer-time and al is the length of the pre-
adjustment band (Figure 3). Then, the new CBL is evaluated by:

CBLyg;(d.h) = amf(d) = CBL(d, h) 3)

Some SOs uses pre and post DR adjustment factors combined in the same baseline [7]. The idea is that the post-
event factor gives additional information about the boundary conditions throughout the DR-event day (e.g.,
weather changes that modify demand). CAISO Baseline Accuracy Work Group justifies this approach to avoid
contamination of baseline both for pre-cooling and snapback periods to occur in the hours directly before and
after the DR event [7].
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Figure 3 depicts this idea. In this case, the DR event period ranges from 8:00 to 13:00 and the pre-adjustment
period uses data from 5:00 to 7:00 (a1=2h) while the post-adjustment period uses data from 15:00 to 18:00
(a2=3h). Obviously, these periods do not overlap. The consideration of two periods (pre buffer bI=1h and post
buffer b2=2h), limits the possibility of perturbations like gaming just before the baseline method takes demand
data from SM to adjust its forecast. Pre-adjustment buffers are applied in several systems in the USA (e.g,
NYISO [49] which uses a two hours buffer b1). It seems necessary that the definition and the duration of both
“buffers” should be justified by load mix and behaviour (e.g., through load modelling, the approach proposed in
[40]). In Figure 3, n represents the period in which the consumption is affected by the DR event, that is, the sum
of de DR period and the post-buffer period.

Figure 3. Example of baseline adjustment and periods being used in equation (2)
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3.5.Evaluation of CBLs performance

Regarding the error metrics, the Mean Percent Error (MPE) has been selected to describe the magnitude and
direction of the estimation bias. MPE reflects the percentage by which the baseline, on average, over or
underestimates the “true demand” in absence of a DR event. To evaluate the precision, both the Mean Percent
Average Error (MAPE) and the normalized Root Mean Squared Error (hnRMSE) have been selected. The lower MAPE
and nRMSE are, the more precise the baseline is. Note that metrics are defined through relative errors, so they
can be used to compare accuracy and precision of CBLs measured in different scales. Mathematically, these
metrics are defined as follows, [7]:

100 27,0y _F)

MPE = (4)
n ¥
100 n P ILEF_l{}-‘[_j?[:]:
MAPE :—Z 2= RmsE =¥
n &y (5)

where y; is the real demand at time i, ¥; is the CBL (forecasted demand) at time i, and ¥ is the mean of the
real demand for the n values. Remark that n refers to the length of the DR evaluation period.

4. Results and Discussion
4.1.Case of study

To test and validate the methodologies for the calculation of CBLs described above, a representative
commercial customer from the south-east of Spain has been selected. The reason for choosing this customer
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is that its high consumption and high share of weather-sensitive loads (mainly HVAC), compared to individual
residential customers, makes them a target for their engagement in DR policies. At the same time, their
management and aggregation are easy for SOs, as their consumption is “scheduled” and less variable than
residential demand. Figure 4 presents the weekly demand for the different seasons of a year. As it can be
seen, the hours of “start” and “end” consumption during a working day are always the same, but there is some
variability during the day, mainly because of the weather. It is remarkable that in summer, the consumption is
the highest as the HVAC is working all day because of the high ambient temperatures (average temp. max:
340°C, min: 21°C).

Figure 4. Weekly demand of a commercial customer on the four seasons of a year
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4.2. Neural Network CBL developed

For the development of the NN and the performance of different tests, the program "MATLAB" is used. The
input data is loaded with the format described for the years 2017 and 2018, performing the training,
validation and verification of the NN with the output of the same years. Then, the NN is applied to the 2019
input data, evaluating the prediction output with real data for testing purposes.

The three methods discussed in Section 3.3 are used to train the NN. In these tests, a criterion is followed to
consider that the training is finished: that a thousand epochs of calculation have been performed, that the
mean squared error is too high (5.57e3) or O, that the gradient between points is too high (1.47e4) or low
(1e-7) or that the training time reaches twenty minutes. Some of the criteria are based on early stopping
criteria to avoid excessive adjustment, stopping the execution in case of instability, or that the improvement
with each epoch is not significant. The last condition is imposed in order to be suitable for use in one hour
ahead forecasts for the electricity market.

The tables below (1-2) present the main results of the most significant tests. Although other networks with a
higher number of layers and neurons have been tested, they do not yield significant results in an allowable
computation time.

Table 1. Results of the NN training performance with 10 neurons/layer

Train Validation

Neural Network Algorithm RMSE (kW) Time (sec) RMSE (kW)
One-Layer NN LM 10,05 2 10,21
BR 10,00 10 10,08
SCG 11,09 2 10,62
Two-Layers NN LM 5,36 2 10,17
BR 9,03 35 9,85
SCG 9,98 3 9,80
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Three-Layers NN LM 7,89 4 13,97
BR 7,18 83 15,49
SCG 9,88 3 13,39
Five-Layers NN LM 8,58 4 13,35
BR 561 145 16,19
SCG 10,25 4 13,59
Table 2. Results of the NN training performance with 50 neurons/layer
Train Validation
Neural Network Algorithm RMSE (kW) Time (sec) RMSE (kW)
One-Layer NN LM 8,95 4 10,22
BR 8,66 71 10,54
SCG 11,62 4 10,93
Two-Layers NN LM 7,84 175 10,68
BR 4,43 1200 14,16
SCG 9,18 18 10,49
Three-Layers NN LM 5,59 558 1473
BR 9,06 1200 13,17
SCG 8,93 22 13,65
Five-Layers NN LM 3,02 1200 17,04
BR 15,72 1200 15,80
SCG 8,8 45 14,03

After evaluating all the tests, Scaled Conjugate Gradient (SCG) is chosen as the most reliable method for
training the network. Due to its reduced training time and its good performance compared to the other
methods. Among the tested networks, the one formed by two layers with ten neurons each, is the one that
returns the best results as shown in Table 1. Figure 5 shows the comparison of the CBL predicted with the NN

selected and the real data.

Figure 5. Neural network prediction against real data
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4.3. Comparison of unadjusted and neural network baselines

In this study, we have obtained CBLs for a commercial customer with six different methods, to compare the
performance of each method. The methodologies analyzed are the High3of5, Low3of5, Mid4of6,
Nearest50f10, Mid6of10-weigthed and the NN baseline selected in section 4.2.

Data from January 2017 to December 2019 was available for obtaining the CBLs. As the NN method needs a
great database to train the net, data from 2017 and 2018 was used with this objective, and then, we have
tested the methodology with the 2019 data. For comparison purposes, the other traditional methods were
only evaluated in this period (year 2019). The CBLs have been calculated only for workdays and work hours,
that is, the days and hours in which the commerce is opened (from Monday to Saturday and from 10 to 23h).
That is because there is no possibility of applying DR policies when the commerce is closed, as the
consumption is minimum. This can be appreciated in Figure 4 (hours 144 to 168, Sunday).

Table 3 presents the metrics for the different CBLs analysed. As it can be seen, the method with the lowest
index of error is Nearest50f10, with a 12.38% of MAPE and a 17.78% of nRMSE. It is also remarkable that all
the CBLs overestimate the demand, as in all methods, MPE has positive values.

Table 3. Error metrics of the unadjusted CBLs

CBL MAPE (%) MPE (%) RMSE (kW) nRMSE (%)
High3of5 15.55 879 6.04 21.00
Low3of5 12.78 061 5.96 19.86
Mid4of6 1291 465 574 18.46

Nearest50f10 12.38 4.00 519 17.78
Mid6of10-weighted 14.49 535 581 19.93
NN-CBL 17.60 252 6.75 2155

Figure 6 depicts the comparison of the different methodologies for one day. There is marked with dashed
lines the period that is going to be used as DR event for the adjustment of the CBLs, i.e., from 17:00 to 20:00
(see next Section).

Figure 6. Comparison of unadjusted CBLs to real demand on a specific day
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4.4 Adjusted baselines: WS, PBLM and backward coefficients
Sometimes, SOs use different adjustment coefficients to improve the performance of the CBLs. These
coefficients are calculated with data from the consumption of the previous hours to the DR event. However,

as the DR revenues are normally obtained after the event, there is also the possibility to use adjustment
coefficients calculated with data from the hours after the event. In this paper, we have calculated two
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multiplicative pre-event (Weather Sensitive, WS and Physically Based, PBLM) and one post-event (backward,
BW) adjustment coefficients. As it was explained in section 3.4, it can be necessary to consider two buffer
periods for DR events to reduce the perturbations in the calculations of CBLs that could be caused by gaming,
preheating or precooling strategies or also the normal increase of consumption after the event to compensate
the demand reduction during the application of DR policies. This rise in consumption after a DR event is called
“energy recovery period”. In table 4 there are shown the definition of the adjustment coefficient and buffer
periods applied.

Table 4. Definition of the adjustment coefficients for the CBLs analysed

Adjuanzlent Data Period Buffer
coefficient
Weather sensitive Pre-DR First 2 hours of the 4-hour period pre-DR event 2 hours before
(WS) event
PhySI(IC;ElE/Mb)ased Pre-DR Last 2 hours of the 4-hour period pre-DR event No buffer
Backward (BW) Post-DR Last 2 hours of the 3-hour period post-DR event 1 hour post event

A DR event is defined during the working hours, in this case, an event that starts at 17:00 and ends at 20:00.
According to the definitions of the table 4, the adjustment coefficients are calculated as follows:

The WS coefficient, commonly used by NYISO, is calculated with the data from the two first hours of
the four-hour period before the start of the DR event, that is, from 13:00 to 15:00. In Table 5, there
are shown the error metrics for the WS adjusted CBLs. As it can be appreciated, in all case, the error
is reduced, e.g., MAPE is reduced from 17-12% of the unadjusted baselines to around 7% for the WS
adjustment. Figure 7 shows the WS-adjusted CBLs for a specific day of 2019 compared to the real

demand.

Table 5. Error metrics of adjusted WS-CBLs in DR period

CBL MAPE (%) MPE (%) RMSE(KW) NRMSE (%)
WS-High3of5 7.03 219 417 853
WS-Low30f5 7.36 085 4.44 894
WS-Middof6 6.99 194 418 8.48

WS-Nearest50f10 6.99 2.15 421 848
ws::::::e fdlo' 6.78 178 402 8.17
WS-NN-CBL 7.49 -0.10 451 9.00
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The PBLM coefficient, defined by Physically Based Load Models [40], is calculated with data from the
two hours before the start of the DR event, without any buffer, so the period used for the calculation
is from 15:00 to 17:00. Table 6 present the performance of the PBLM adjusted CBLs. As in the WS
adjustment, PBLM adjusted baselines reduce the error from their unadjusted versions. In addition, the
PBLM adjustment coefficient slightly improves the performance compared to the WS coefficient
(MAPE is reduced around 1.5-29%). Figure 8 present the different PBLM-adjusted CBLs compared to
the real demand for a specific day.

Table 6. Error metrics of adjusted PBLM-CBLs in DR period

CBL MAPE (%) MPE (%) RMSE(kW) nRMSE (%)
PBLM-High3of5 5.09 2.20 3.16 6.32
PBLM-Low3o0f5 5.06 0.46 317 6.32
PBLM-Mid4of6 475 1.86 298 5.98

PBLM-Nearest50f10 472 153 294 590
PBLM-Mid6of10-weighted 478 1.78 403 593
PBLM-NN-CBL 6.08 1.25 3.68 7.50

Figure 8. Comparison of PBLM-CBLs to real demand on a specific day
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Finally, the BW coefficient, defined also by PBLM [40], uses data from the last two hours of the
three-hour period after the end of the DR event, that is, use a one-hour buffer period post-event.
Consequently, the BW adjustment coefficient is calculated from 21:00 to 23:00. In this case (Table
7), the BW adjusted CLBs reduce the error compared to the unadjusted ones, but their performance is
worse than the other adjustment coefficient, except from the case of the NN-CBL, in which the BW-
CBL is the most accurate.

Table 7. Error metrics of adjusted BW-CBLs in DR period

CBL MAPE (%) MPE (%) RMSE(kW) nRMSE (%)
BW-High3of5 11.23 227 311 10.11
BW-Low3of5 9.72 171 297 9.60
BW-Mid4of6 9.95 163 2.89 9.34

BW-Nearest50f10 10.06 1.74 290 9.30
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BW-Mid6of10-

weighted 9.77 2.07 284 9.18

BW-NN-CBL 424 -0.90 2.50 5.85

The reason for the rise of the error in this case can be the hours in which the BW coefficient is calculated.
From 21:00 to 23:00 the commerce is closing, and the consumption is reduced, so the calculation of the
adjustment could be more imprecise than the other ones. For this reason, it is necessary to analyze the
convenience of each adjustment coefficient to the type of customer we are working on, as each coefficient
can be more adequate for one customer but not for others, depending on its consumption routines and
behaviours. Figure 9 shows the six different BW adjusted CBLs studied, compared to the real demand on a
specific day.

Figure 9. Comparison of BW-CBLs to real demand on a specific day
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Figure 10 shows the Mid4of6 (8a) and the Mid6of10-weighted (8b) CBLs with all the adjustment coefficients
presented in the paper, compared to the real demand (i.e,, SM data), on a specific day. We can conclude that
adjustment coefficients improve the performance of the unadjusted CBL, , as it can be appreciated in the
Figure 10.

Figure 10. Unadjusted and adjusted CBLs compared to real demand on a specific day (a) Mid4of6 (b) Mid6of10-weighted
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5. Conclusions

The verification of demand flexibility becomes a key issue for the development of DR. Baselines are the basis
to provide this verification, which defines the subsequent revenue and payment. An accurate CBL also
emerges as catalyser for engaging new customers in markets recognizing and given credit for their real
flexibility.

Moreover, demand resources from small and medium segment (an SME, in the case presented in this paper)
need an accurate and fair verification of their response. In this proposal, the accuracy of demand forecasts with
DR (using PBLM modelling to tune adjustment factors) is improved with respect to a simple base profile. Some
other approaches involve specific and complex methodologies that have proven to define accurate CBLs. The
main drawback of more complex proposals is that these options usually increase the complexity of DR and they
sometimes require different models for different customers and segments. Moreover, some paper in the
literature report that these kind models can present problems if DR performs periodically when the customer
changes its behaviour, or simply if the aggregator develops more complex products (e.g., the participation of
demand in several markets and services). Literature shows that base profile (unadjusted) CBLs are not the best
option, but they can improve their performance through adjustment factors. Until now, these factors have been
proposed based on experience. This paper highlights the convenience of using adjustment factors explained by
PBLM in other segments, such as commercial SMEs, and that a double-adjusted CBL also displays an
improvement in performance. Thus, the proposed methodology arises as an adequate, accurate, simple and
understandable estimator, i.e., the main characteristics of a good CBL.

This paper also presents the synergies associated with the use of other tools used by aggregators, such as
NIALM, customer segmentation and enabling technologies to verify load flexibility. In this case, the adjustment
period can be justified and improved both before and after the period of DR events. In this way, different DR
actors can obtain necessary feedback to perform a better evaluation of the DR potential, necessary for the
customer-centred markets to be envisaged in the 2050 horizon.
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