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Abstract—Demand response aims at utilizing flexible loads
to operate power systems in an economically efficient way. A
fundamental question in demand response is how to conduct
a baseline estimation to deal with increasing uncertainties in
power systems. Unfortunately, traditional baseline estimation
lacks the ability to characterize uncertainties due to their
deterministic modeling. This deficiency often results in erroneous
system operations and miscalculated payments that discourage
participating customers. In this paper, we propose a Gaussian
process-based approach to mitigate the problem. It features the
ability to use all historical data as a prior knowledge, and
adjust the estimation according to similar daily patterns in the
past. To characterize the uncertainties, this method provides
a probabilistic estimate that can be used to not only increase
estimation confidence for system operators but also to fairer
treatment to customers. Finally, simulation results from Pacific
Gas and Electric Company data show that this new method can
produce a highly accurate estimate, which dramatically reduces
the uncertainties inherent in the distribution power grid. Such
a work opens the door for power system operation based on
probabilistic estimate.

Index Terms—Baseline estimation, gaussian process, machine
learning, demand response, probabilistic estimation, aggregation

I. INTRODUCTION

Power Systems will be transformed radically by renewable
energy in the next few decades. The Energy Report predicts
that the percentage of renewable penetration in global energy
structure will go from 10% in 2014 to 95% by 2050. However,
such a goal cannot be achieved without introducing new tools
to deal with the increasing uncertainty in smart grid monitor-
ing concurrent with the penetration. One suggested approach
is to have storage devices and standby coal generators for
smoothing out power fluctuation. However, these devices are
either too expensive to be economically feasible or their use
will create pollution to the environment. Another and more
preferable approach is demand response, which helps to meet
the climbing need for energy through reduction in flexible
loads, or reversely. For example, Greentech Media reported in
2013 that $8.7 millions in revenue had been generated within
seven months in Pennsylvania, Jersey, Maryland (PJM) Power
Pool by conducting demand response in system operation,
leading to a reduction of 80 traditional coal power plants in
peak power supply.

The basic issue of demand response is baseline estimation.
It asks for a reliable estimate of the normal electricity con-
sumption without demand response, and uses the differences
between estimated normal consumption and actual usage for
incentive payment [1]. Mathematically, such estimation prob-
lems usually employ a simple moving average for transparency
[2] or use linear regression for accuracy [3]. Due to the
simplistic modeling and design, the baseline estimation may
not fully utilize the historical data to capture the dynamics of
complex user behaviors [4].

Even with complex modeling and design, it is still unclear
how to use the traditional point estimate to track and manage
increasing uncertainties. For example, [5] shows the difficulty
to quantify variability in electricity consumption of commer-
cial and industrial facilities. Without capturing the uncertain-
ties in user behaviors, current baseline estimation may lead
to incorrect rewards or even costly blackouts in the volatile
smart grid. Therefore, policymakers have identified the need
of consistent and accurate measurements and verifications in
estimation to deal with uncertainties in standardizing demand
response programs [6].

In the new era, baseline estimation techniques in power
systems should answer the question of how to characterize
variability in estimation and build variability with mean es-
timate into a single model so as to conduct efficient system
operations and demand response rewarding programs. Besides,
systematically organizing the historical data in a way that
the estimation is automatically adapted to the data is also
needed. To achieve these two goals, we propose to use
Gaussian process for machine learning [7], [8] to quantify
the uncertainty of load data, where Gaussian process provides
well-established models for various stochastic processes such
as Brownian motion and Wiener processes. Many popular
nonlinear interpolation methods are mathematically equivalent
to a particular Gaussian process [9].

By posing the baseline estimation problem as a Gaussian
process regression problem, we can obtain both mean estimate
and variance estimate in place of a single point estimate that
traditional approach can achieve. To illustrate the advantage
of this new probabilistic estimate [10], we incorporate mean
estimate with variance estimate, leading to a sizable decrease
of uncertainties in our estimates from both a system operator’s



perspective and an end user’ view. The key idea is aggregation
[11], [12]. Our new approach promotes the idea of designing
new demand response programs to handle a large amount of
users together and pay individual demand response user over
a longer period of time.

As an application, our probabilistic estimate-based aggrega-
tion can be used to calculate the needed aggregation size of
users for a given precision requirement. For a particular user
entity, we can aggregate its load saving over days to reduce
the uncertainties in demand response rewarding process. In
sum, by using a probabilistic estimate, smart grid stakeholders
ranging from end-user to system operators, will be empowered
to discover opportunities and risk-reduction strategies based on
our analysis.

Finally, the proposed probabilistic modeling method can be
used to integrate Cyber Physical Systems (CPS) designs in dif-
ferent domains under a unified framework. The generalization
is achievable by the proposed method’s moderate simplicity to
implement and use without compromising the performance.
This leads to probabilistic inferences for CPS in a context
filled with high uncertainties.

Afterwards, the superior performance of our proposed Gaus-
sian process-based method is verified by simulations on a
Pacific Gas and Electric Company (PG&E) data set. Provided
with historical data, uncertainty decreases dramatically with
aggregation over a larger user/time scale, giving both the
utility companies and the customers more confidence in system
operation and fair demand response rewards. The rest of this
paper is organized as follows: Section II reviews baseline
estimation methods proposed in the past; Section III models
the baseline estimation in a Gaussian process framework; Sec-
tion IV describes how to utilize a probabilistic estimate in
demand response; Section V illustrates simulation results and
Section VI concludes this paper.

II. REVIEW OF BASELINE ESTIMATION

Baseline Estimation is an integral part of the demand
response for distribution grid. For example, when use of air
conditioning in hot weather leads to dramatic load increases,
a demand response is called to avoid the use of expensive
generators. To reward customers, baseline estimation is used
to provide a reliable estimate of customers’ normal power con-
sumption, if a demand response signal is not sent. Typically,
baseline estimation is used to estimate loads in the afternoon of
an event day. In the following, we list several known methods
for baseline estimation [2].

1) Simple Average: average historical loads in the past ten
days.

2) Selected Simple Average: average of the highest three
out of ten most recent demand response days.

3) Weighted Average: weighted average over historical
loads in the past ten days.

4) Morning Usage Adjustment: methods above can also be
accompanied with a morning usage adjustment of the
event day to improve performance.

5) Regression: one example is exponential smoothing mod-
el [4].

To improve the performance, it was observed that by using data
on the event day but before the curtailment period can align
and shift the predicted load profile by some constant factors
to account for characteristics that may affect the load on the
day [2]. This factor essentially scales the customer’s baseline
from admissible days to the customer’s actual operating level
on the day of a demand response event. The adjustment factors
require modeling and collection of actual data in the early
morning period of the day.

Although the simplicity of applying these previously pro-
posed methods provides transparency to the demand response
program, the estimation bias in these methods may cause
erroneous rewards that harms both utilities and customers.
Therefore, we need a new baseline estimation approach that
can both provide systematical usage of historical data and deal
with uncertainties at the same time.

III. GAUSSIAN PROCESS FOR BASELINE ESTIMATION

To accommodate the increasing uncertainty in the grid and
utilize the enormous amount of data generated, we propose
a Gaussian process regression for baseline estimation, with a
particular emphasis on how to reduce uncertainties in practice
with probabilistic estimate. Notably, Gaussian processes are
useful tools for automated tasks where fine tuning for each
problem is not possible.

A. Problem Definition

• Given: hourly information before and after the demand
response period

• Find: hourly load estimation during the demand response
period if no demand response is called

B. Modeling

Here we define the data before and after the demand re-
sponse period of a particular day as a vector x of C elements,
which may include features such as load, temperature [2],
day of the week, etc. Without loss of generality, we consider
the case when the target baseline estimation is a scalar y.
We infer an underlying function y(x) from a training set
T = {(xi, yi)|i = 1, · · · , n}, where i is the historical day
index and n is the total number of days in the training dataset.
For compact notation, we combine all input data in a C × n
matrix X , and combine the target variables in a vector y.
Therefore, we can write the training set T = (X,y). Similarly,
we let {(X∗,y∗)} be our testing data, where X∗ is known,
and y∗ is unknown.

The idea of Gaussian process modeling is to place a prior
P (y(x)) directly in the space of functions, without param-
eterizing y(x). The simplest type of prior over functions is
called a Gaussian process. It can be viewed as the general-
ization of a Gaussian distribution over a finite vector space
to a function space of infinite dimension. It is reasonable to
assume that the computational complexity of inference might



be infinitely large when we work with priors over infinite-
dimensional function spaces. But by concentrating on the joint
probability distribution of the observed historical load data
and curtailment period that we wish to predict, it is possible
to make predictions that scale as polynomial functions of the
number of data points.

The joint distribution of the training and testing data is(
y
y∗

)
=

([
m(X)
m(X∗)

]
,

[
C(X,X), C(X,X∗)
C(X∗, X), C(X∗, X∗)

])
.

Therefore, a Gaussian process is specified by a mean
m(·) and a covariance function, C(·, ·). Under a Bayessian
approach, a nonlinear function y(x) is assumed to underlie the
data X and the set of corresponding target values represented
by the vector y. The inference of y(x) is described by the
posterior probability distribution

P (y(x)|X,y) =
P (y|y(x), X)P (y(x))

P (y|X)
. (1)

Of the two terms on the right-hand side, the first term,
P (y|y(x), X), is the probability of the target values given
the function y(x), which in the case of regression problems
is often assumed to be a separable Gaussian distribution; and
the second term, P (y(x)), is the prior distribution on functions
assumed by the model. This prior is implicit in the choice of
parametric model and the choice of regularizer used during
the model fitting.

The mean estimate under the Gaussian process framework
is

y∗ = m(X∗) + C(X∗, X)C(X,X)−1(y −m(X)). (2)

And the covariance estimate is

Cov(y∗) =K(X∗, X∗)−K(X∗, X) (3)

· [C(X,X) + λI]−1C(X,X∗),

where λ is a hyper-parameter.

C. Covariance Function
Demand response program administrators should have flexi-

bility and multiple options for suggesting the most appropriate
baseline method for specific types of customers. Notice that
from the close-form solution in (2) and (3), the predictions pro-
duced by a Gaussian process depend entirely on the covariance
matrix C(·, ·). Given any valid covariance function C(·, ·), we
can define the covariance matrix. Interestingly, many standard
parametric models are simple examples of Gaussian processes
estimate above [9] with a special covariance matrix. One way
of constructing a valid stationary covariance function is to
invent a positive function of frequency. Once a covariance
function is chosen, i.e. squared exponential, we need to
optimize the hyper parameters according to training data.

Usually, there exist hyper-parameters in covariance func-
tions. For example, if a square-exponential covariance function
is used, we can write

C(xa,xb) = σ2
f exp

(
− 1

2l2
(xa − xb)

2
)
+ σ2

nδab. (4)
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(a) Baseline Estimation for 1 User
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(b) Aggregation of 10 Users
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(c) Aggregation of 1000 Users

Fig. 1: Baseline Estimation.

where (l, σf , σn) are hyper parameters, and

δab =

{
I if a = b,
0 otherwise.

I is an identity matrix.
Among these hyper-parameters, l represents the length-

scale, σ2
f represents the signal variance, and σ2

n represents
the noise variance. Determining the value of these hyper-
parameters is called model selection. To obtain the hyper-
parameters, we minimize the sum square error over the training



data with respect to (l, σf , σn).

(l̂, σ̂f , σ̂n) = arg min
l,σf ,σn

||f(X ′,y′, X ′′,y′′x)||22,

where f(X ′,y′, X ′′,y′′) is defined as

y′′ −
(
m(X ′′) + C(X ′′, X ′)C(X ′, X ′)−1

(
y′ −m(X ′)

))
,

where we divide the training data set D= (X,y) into two
parts, (X ′,y′) and (X ′′,y′′) for learning. Finally, the learned
hyper-parameter is used together with (2) and (3) for proba-
bilistic estimation in the testing data set (X∗,y∗).

Fig.1a shows a probabilistic estimate of the afternoon loads
based on Gaussian process-based approach. The x-coordinate
represents the 24 hours in a day. The y-coordinate represents
the hourly load. As we can see, the simple average method
introduced in Section II does not work well. In contrast, the
mean estimates for the afternoon loads based on Gaussian
process are similar to the actual loads. Further, the 95%
confidence interval completely covers the path of the actual
loads. Unfortunately, the confidence interval is relatively large
with respect to the mean value. In the next section aims at
resolving this problem by proposing new a metric.

IV. UTILIZING PROBABILISTIC ESTIMATE

A fundamental question in baseline estimation is how to
properly reward end-users with increasing uncertainties. While
Gaussian process-based approach is able to provide a proba-
bilistic estimate, we see large standard deviation in Fig.1a.
Such large uncertainty limits the confidence of subsequent
system operation and rewarding process.

To reduce the effect of large variance and to show how
to utilize the probabilistic estimate, we will illustrate two
problems. The first one is about aggregation for better system
operation and the second one is about aggregation for fairer
payment in the demand response. The core idea is that
summation of individual levels allow baseline estimation to
reduce the relative uncertainties.

A. Aggregation over users for better system operation
By conducting user aggregation, we observe in Fig.1b and

Fig.1c that grouping end users’ loads usually leads to a
relatively smaller prediction variance. To illustrate the concept,
we define relative error for a random variable with mean µ and
variance σ2 to be

RE =
σ

µ
, (5)

which shows the relative uncertainty with respect to the mean
estimate.

We assume that the loads for different users are indepen-
dent and identically distributed random variables, following a
Gaussian distribution N (µ, σ2). Then by aggregation over n
different customers, one is expected to obtain a mean of nµ
and a variance the nσ2. Therefore the relative error has the
following relationship

RE =
σaggregated

µaggregated
=

√
nσ

nµ
=

σ√
nµ

−−−−→
n→∞

0. (6)

As n increases the relative error is decreasing. This means
that in the distribution grid operation, by conducting baseline
estimation over aggregated users, we can reduce the relative
error with a control over user number n. Interestingly, such
a formula supports The Electric Reliability Council of Texas’
decision to allow for Load Service Entities to purchase elec-
tricity in bulk on the wholesale market for their customers. The
formula also shows for the first time how one can control the
estimation uncertainty by changing the aggregation number.
For instance, in order to have a relative error of e, we need
n = µ2e2/σ2 users.

B. Aggregation over days for better rewarding accuracy
In addition to reducing baseline estimation error, probabilis-

tic estimate can also ensure fairness on baseline estimation
over a single user, and thus increases the end users’ willing to
continue participating in such demand response program. As
shown in Fig.1a, baseline estimation on a day by day basis will
result in huge uncertainties. Let L̂d be the baseline estimation
on day d and let Ld be the true usage obtained by a meter.
Define Sd to be the load reduction on day d. If the rewards per
unit load reduction is P = 1, then the expected total reward
Pµ,aggregation has the following relationship. Let

Pµ,aggregation = Ed∈{1,··· ,D}[(

D∑
d=1

Sd) ∗ P ] = µ×D. (7)

where Sd = (Ld − L̂d).
On the other hand, the standard deviation of the aggregate

single user usage over D days is

Pσ =
√
Dσ. (8)

When Pµ > Pσ , one should reward the customer with 95%
percent of confidence. To visualize the relationship, we draw
the relationship in Fig.2.

Fig. 2: Aggregation over days

From Fig.2, we can see that as aggregation days increase,
the relative error is decreasing fast. This shows that aggre-
gation over days allows payments or allocation of demand
response rewards with much higher confidence, thus offering
customers the reliability they want and are willing to pay for.



TABLE I: Probability of 95% confidential intervals to capture
the true load curves

Training Days, Probability

300 96.8%
200 95.4%

V. SIMULATION RESULT

We use Pacific Gas and Electric Company (PG&E). It
contains anonymized and secure hourly smart meter readings
for 1923 PG&E residential customers for a period of one year
spanning from 2011 to 2012. All users are from Bakersfield,
CA. Temperature data were obtained from WeatherUnder-
ground.com for the same period. To implement Gaussian
process regression, we use MATLAB package GPML [13] to
achieve our baseline estimation.

A. Gaussian Process Captures the True Load with High
Confidence

Table.I shows the probability of a true load curve to be
completely covered by the 95% confidence regions as shown
in Fig.1a. As we can see for nearly all testing cases, our
confidential interval can cover the true load curve.

B. Aggregation Effect

In this subsection, we show how to utilize the variation
in data in an efficient way. Fig.3 shows the user aggregation
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Fig. 3: User aggregation tradeoff

Tradeoff in solid line with squares. For comparison purpose,
day aggregation results for a single user is also plotted in
dashed line with triangles. The x-coordinate is the user number
and the y-coordinate is the relative error in estimation for
aggregated load estimation. As the aggregation group expands
in size, both curves decrease in relative estimation error,
suggesting to conduct baseline estimation in large groups and
over days. The system operator can even pick up a relative
error, then the tradeoff curve can tell how many users (days)
are needed to form a group, so a given relative error can be
achieved. This is practical because paying individual users is

usually periodic over a months or so. Therefore, our analysis
shows that by aggregating over days, one can control the
probability that the end-user is paid wrongly.

In conclusion, the proposed Gaussian process regression ap-
proach based on aggregation is not only robust against various
uncertainties for the utility’s view, but also dramatically more
fair from the customer’s view.

VI. CONCLUSIONS

In this paper, we pose, analyze, and solve baseline esti-
mation problems via Gaussian process regression. As a data-
driven approach, the proposed method can actively discover
customer patterns with probabilistic estimation. To illustrate
the benefit of probabilistic estimate, we show two aggregation
examples to benefit both system operators and end users in the
smart grid. Simulation result shows that, not only is the mean
estimate being more accuracy, but also is the new variance
estimate being able to reducing estimation uncertainties and
increasing data transparency for awarding demand response
end users. If implemented successfully, this application will
improve our understanding of how to operate smart grid
with uncertainties, making substantial improvements in power
systems.
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