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Abstract—Successful enrollment of customers in intervention-
based demand side energy management (DSM) programs, such as
energy efficiency and installation of PV panels, depends on having
accurate estimates of the benefits of these programs available
and communicated to the customers. The program benefits may
include long-term financial savings, and their contribution to
managing supply and demand in transition to a sustainable grid.
Among them, the most needed measure of benefit is the estimated
energy saving for each individual after an intervention. Accurate
estimates of energy savings for each individual customer are thus
crucial for ensuring high program enrollment. In this paper, we
formulate the problem of estimating energy savings to understand
the potential benefits of enrolling customer in an intervention-
based DSM program. Due to highly uncertain customer load and
estimation of long-term (infinite time horizon) savings, traditional
deterministic analysis approaches, such as load forecasting, will
yield poor results. We propose a Gaussian Process (GP)-based
approach capable of capturing uncertainty and adapting arbi-
trary data length for infinite time horizon estimation. This allows
utilization of probability estimation to show customers their
potential energy savings and resultant revenues for participating
in an intervention program for a certain period of time. Such
property is verified by highly accurate estimation results running
on a set of customer AMI data obtained from Pacific Gas and
Electric Company. The simulation results not only highlight the
feasibility of the intervention concept, but also provide benefit
potentials that could be used to persuade customers to enroll in
energy efficiency programs.

I. INTRODUCTION

Globally, electrical grids are undergoing profound changes,
both in scale and structure, to meet the rapidly increasing
demand in electricity consumption. For example, in 2013, the
total global energy consumption is 12.7 billion tonnes of oil
equivalent, with renewable resources accounting for 19% [1].
But, in 2030, it is projected that this will increase to 16 billion
tonnes of oil equivalent with 77% from renewables [2]. In this
evolving energy landscape of the 21 th century, a lot of the
changes take place at the distribution level of the electric grid,
and in particular, on customer side with deeper penetration
of customer-owned intermittent energy resources, such as
photovoltaic (PV) panels [3], backup power storage batteries,
and vehicle-to-grid demand response from electric vehicles. In
addition to these changes, customers are also encouraged to
participate in demand side management programs to further
improve sustainability.

There are generally two types of demand side management
(DSM) programs: event-based, or intervention-based [4] [5].

Event-based DSM programs involve a temporary manage-
ment of electricity consumption over a period (minutes up to a
few hours) in response to either emerging overload conditions
(that may shrink the reserve margin, or affect system stability
and reliability) or projected spikes in wholesale market prices.
An intervention-based DSM program, on the other hand, is a
one-time commissioning that permanently changes a feature
that affects energy consumption. Installation of PV panels,
for example, is a retrofit intervention in which the state of
the feature “PV panel” is changed from “0” to “1”. Another
example is to implement a new electricity rate tariff (pricing)
to manage consumption. In this paper, we focus on estimating
energy saving potential in intervention-based DSM programs.

A key factor for customers to commit to an intervention
program, such as installing roof-top PV panels or participating
in a long-term energy efficiency program, is to provide them
with accurate estimates of the potential short-term and long-
term benefits [6]. One common measure of benefit is the
potential energy savings after the intervention.

The state-of-art benefit identification methods are simple
and the same for all customers. For example, most solar
companies use monthly bills to estimate a user’s benefit from
installing roof-top PV panels, and determine the appropriate
size and type of panels. Such simple approach can neither
be customized for different types of families nor capture
uncertainties. Very often, the benefit estimate is inaccurate,
leading to inappropriate recommendations that are unappealing
to the customers.

Moreover, many current methods provide only mean es-
timates, which are only sufficient for load forecasting at
aggregated levels that have small uncertainties [7]. For in-
finite time horizon estimation at single customer level with
high uncertainties, a mean estimate is unsatisfactory as the
reliability of forecasting varies for different time horizons.
For example, day-ahead estimation intuitively has smaller
variance than year-ahead estimation. Therefore, there is a
need for accurate and personalized benefit modeling and
estimates when enrolling customers in a DSM program. In this
paper, we formulate this problem as estimating the potential
of an intervention-based DSM program: given a customer’s
electricity load data before the intervention, construct a reliable
method that estimates, starting from the time the intervention
occurs, the benefit of the intervention in a month, a quarter,
a year or longer. This requires estimating the load data if the
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intervention had not taken place.
To tackle the issues discussed above, we propose a Gaussian

Process (GP)-based method to capture individual customer
load shape patterns and their inherent uncertainties. For ex-
ample, by constructing customized GP covariance functions,
we are able to embed different time periodic patterns, weather
relevancy, demographical and geographical correlations into
learning.

Due to the high flexibility of GP-based method, it can
easily incorporate different existing regression based methods
by constructing corresponding covariance functions, such as a
morning usage adjustment of daily average, and a piecewise
linear model over temperature for different times [8]. This is
especially important for individual customers.

For typical home loads that consume 1-2 kW, and recent
work shows that the forecasting performance at an individual
level has very high MAPE errors of 50%-80% [7]. This is
because single customer level loads are very noisy with higher
intrinsic uncertainty, and their usage patterns are different
from one another. Even for the same customer, the load
shapes vary in different days throughout the year. Recent
research shows that for 218,090 smart meters in California,
about 400 different load shapes are needed to cover 95% of
usage patterns [9]. The inherent diversity hinders most of the
conventional forecasting and baselining methods, resulting in
lower errors. However, since GP-based method is inherent
non-parametric, it is capable for adapting different load shape
patterns and different noise features, which makes it a good
candidate for single customer level intervention estimation.

On the other side, models with a fixed finite time horizon
are incapable of handling infinite horizon problems [10]. For
adaptive approaches, such as temperature-based or time of
week (ToW)-based [11], the time correlation information is
not utilized, making it difficult to reveal long-range correlation
patterns such as seasonal effects and trends in a year or
decade. But the proposed GP-based method creates a joint
probability distribution estimation, instead of a single mean
estimate. If the optimal covariance functions is obtained, any
arbitrary lengths of forecasting can be generated, without any
re-training.

The superior performance of our proposed GP-based
method is validated by simulation using a data set from the
Pacific Gas and Electric (PG&E). We use mean absolute per-
centage error (MAPE) as our performance metric. Simulation
results show substantial performance improvements over other
approaches. In particular, the GP-based method is much more
robust for short training set and small size customers.

The paper is organized as follows. The intervention estima-
tion problem is formulated in section II. The GP-based inter-
vention estimation model is proposed in section III. Simulation
results are in section IV. Section V concludes this paper.

II. INTERVENTION ESTIMATION

An electricity load profile can be described as a discrete
time series

{Et : t ∈ Z} : · · · , Et−1, Et, Et+1, · · ·

where the time extends to positive and negative infinity. The
time unit is the sampling interval, which typically is 15
minutes or 1 hour for AMI data. The corresponding energy
related cost is

{Ct : t ∈ Z} : · · · , Ct−1, Ct, Ct+1, · · ·

which is assumed to be computed using a cost function ft:

Ct = ft(· · · , Et−1, Et, Et+1, · · · ).

Assume there is an intervention event IT that occurs at time
T between s and s+1 , then electricity consumption after time
s will be affected by the intervention. We can separate the
electricity load and electricity related cost time series as:

{Et : t ∈ Z} : · · · , Es−1, Es, (IT ), Es+1, · · ·

and

{Ct : t ∈ Z} : · · · , Cs−1, Cs, (IT ), Cs+1, · · · .

In order to estimate the economic benefits of the intervention,
we need to estimate the “virtual” electricity load and “virtual”
electricity related cost if there were no interventions:

{E∗t : t ∈ Z} : · · · , E∗s−1, E
∗
s , E

∗
s+1, · · ·

and
{C∗t : t ∈ Z} : · · · , C∗s−1, C

∗
s , C

∗
s+1, · · · .

By causality, no intervention events can affect the electricity
consumptions prior to T . Therefore, Et = E∗t , and Ct = C∗t ,
∀t < T .

Thus an intervention estimation problem can be formulated
as: Estimate as much information as possible of the two time
series {E∗t : t ∈ Z, t > T} and {C∗t : t ∈ Z, t > T}, based on
given knowledge of any part of {Et : t ∈ Z}, and {ft : t ∈ Z}.

The most common situation is when the intervention esti-
mates are posteriori. Then {Et : t ∈ Z} and {Ct : t ∈ Z} are
given because they are the actual electricity loads and costs.
Since we do not know the “true values” of the “virtual” load
{E∗t : t ∈ Z, t > T} and cost {C∗t : t ∈ Z, t > T}, they are
two sequences of random variables. So the intervention estima-
tion is converted to estimating the mean and joint probability
distribution of {E∗t : t ∈ Z, t > T} and {C∗t : t ∈ Z, t > T}.

Fig. 1: Illustration of an intervention estimation problem
Fig. 1 shows a graphic illustration for a posteriori inter-

vention estimation. The black solid line represents the given
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costs before intervention time, {Ct : t ∈ Z, t < T}. The
blue dashed line represents the mean estimation of unsolved
{C∗t : t ∈ Z, t > T}. The red solid line is the observed
electricity cost {Ct : t ∈ Z, t > T}. The blue shaded area
represents the 95% confidence interval zone estimation of the
predicted time series.

With the information of {C∗t : t ∈ Z, t > T} and {Ct : t ∈
Z, t > T}, the fixed-time total reward is

SN = E

!
N"

t=1

(C∗t+s − Ct+s)

#
,

where N is the intervention length, i.e. one month.
One can also calculate the reward functions with infinite

terms, such as a discounted total reward [12]

SD = lim
N→∞

E

!
N"

t=1

βt(C∗t+s − Ct+s)

#
,

where β is a discount factor, or an average cost

SA = lim
N→∞

E

!
N"

t=1

1

N
(C∗t+s − Ct+s)

#
.

These standard reward functions have been proven useful in
decision making [12], but will be used for intervention analysis
in this paper.

If information of the joint probability distribution of the
estimated load and cost is known, one can calculate more
indicators associated with {C∗t : t ∈ Z, t > T} and
{Ct : t ∈ Z, t > T}. For example, customers may be
interested in questions such as “How fast could a customer
earn certain amount of financial reward if the customer install
roof-top PV panels?”. This can be answered by estimating the
distribution of the “stopping time” τa:

τa = inf

$
t : t ∈ Z,

t"

t′=1

(C∗t′+s − Ct′+s) ≥ a

%

and its expected value E(τa).

III. FORMALIZATION OF GP FOR INTERVENTION
ESTIMATION

In order to estimate different reward functions and other
indicator parameters such as stopping time, an effective
method should have extra capability than a fixed time horizon
mean estimate. To further address customer side problem,
the method needs to adapt noisy and relative irregular load
shapes. Furthermore, to compute reward functions with infinite
sum, for example, the discounted total reward SD, the method
should be able to generate infinite time horizon forecasts with
a single model optimized by training set with limited length.
Finally, an effective method should be able to give a joint
probabilistic estimation because it is impossible to estimate
stopping time τ if there is only a mean estimate.

Admittedly, there are some existing methods. For example,
electricity forecasting for sub-station size or power plant size
is rather mature. Generalized linear model, which is a flexible

generalization of linear regression over historical load and
temperature, is widely used due to the simplicity of the model.
Standard stochastic time series methods, such as ARMA,
ARIMA are also widely used, by taking the advantage of the
fixed forecasting time horizon [13]. Recently developed kernel
based regression methods, such as support vector regression
(SVR) are introduced to power system [14] [15]. Black-
box-like artificial neural networks methods are very success-
ful [16] in electricity load forecasting, though the model is
not as clear as GLM and other regression based models.
Other methods, such as hybrid models with 2-D mathematical
representation [17], wavelet transform [18], and exponential
smoothing [19], [20] are also reported. However, none of
them meets the unique requirements for a good intervention
estimation, that is, obtaining the joint distribution of the
estimated load {E∗t } and cost {C∗t }, and a confidence bound
for {E∗t }.

A. Modeling and Probabilistic Estimate

To address all these challenges, we build a GP-based model
for posteriori intervention estimation.

As the relationship between the actual energy consumption
time series and electricity related cost time series is determinis-
tic, we assume that {ft : t ∈ Z} is given, for all time stamps.
Using the given {ft : t ∈ Z}, one can compute the mean
estimation and joint probability distribution for {Ct : t ∈ Z}
and {Et : t ∈ Z}.

The key problem for this scheme is to use the actual
consumption data {Et : t ∈ Z, t < s} to predict {E∗t : t ∈
Z, t ≥ s} where {E∗t } is the “virtual” electricity load time
series if there were no intervention event. We also notice that
E∗t = Et, ∀t < T , which is known.

We assume {E∗t : t ∈ Z} is a Gausian Process [21]. In
another word, the priori joint distribution of {E∗t } is uniquely
determined by a mean function m, and a covariance function
K: {E∗t } ∼ GP(m,K). Any finite linear combination of
samples of {E∗t } has a joint Gaussian distribution.

The covariance function K is determined by a series of
features, {xt}, that affect {E∗t }. For any two samples of time
series {E∗t }: E∗t1 and E∗t2 ,

&
E∗t1
E∗t2

'
∼ N

&(
m(xt1)
m(xt2)

)
,

(
K(xt1 ,xt1), K(xt1 ,xt2)
K(xt2 ,xt1), K(xt2 ,xt2)

)'
.

Subsequently, we can get both the mean estimates and the
joint distribution probability distribution for the infinite time
series: E∗

2 = {E∗t : t ≥ s}, given any length of a subset of
the time series: E∗

1 = {E∗t = Et : t < s}. The training set is
T1 = (X1,E∗

1 ), and the testing set is T2 = (X2,E∗
2 ), where

X1, X2 and E∗
1 are known, but E∗

2 is unknown.
To infer an underlying information such as joint probability

distribution of E∗2 , the joint gaussian distribution of the
training outputs E∗

1 and the testing outputs E∗2 under the two
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key assumptions and according to the priori is
&

E∗1
E∗2

'
= N (

(
m(X1)
m(X2)

)
,

(
K(X1, X1), K(X1, X2)
K(X1, X2), K(X2, X2)

)
).

By applying the equation of the marginal distribution and
the conditional distribution equation of multivariate Gaussian
distribution [21], we can get the mean estimate under such
framework:

E(E∗2) =m(X2) +K(X2, X1)[K(X1, X1) + σ2
nI]

−1

· (E∗1 −m(X1)),

where the priori distribution of noise is defined to be N (0,σ2
n).

And the covariance estimate is

Cov(E∗2) =K(X2, X2)−K(X2, X1)

· [K(X1, X1) + σ2
nI]

−1K(X1, X2).

Therefore, we have

E∗2 ∼ N (E(E∗2), Cov(E∗2)).

We have successfully solved the three challenges proposed
in section III by providing a joint probability distribution
for arbitrary length of testing data sets. Moreover, using
the covariance matrix Cov(E∗2), we can embed any data
pattern and any features to construct an appropriate covariance
function.

There are some examples:

B. Covariance Functions

In this section, we show how to achieve flexible data pattern
embedding by automatic model selection and optimization in
covariance function, K(, ).

1) Embedding Distance-based Correlation: Due to the
causality, the load at a future time is a function of the load at
a time in the past and load variations in the interim. So there
is a stronger correlation between load values that are closer
in time. To model this we can employ a squared exponential
covariance based on Euclidean distance.

kd(x
i, x′

i
) = exp

&
− (x− xx′i)2

2θ21

'
. (1)

where xi is the ith component of an input vector x.
2) Embedding Periodic Pattern: One can embed daily,

weekly, and yearly periodicity of load data into the covariance
function.

kp(x
i, x′

i
) (2)

=exp
*
− (xi − x′i)2

2θ22
− 2 sin2

+
θ3(x

i − x′
i
)
,
θ24

-
.

In this model, the periodicity of consumption behavior is cap-
tured by the sine function in the second term of the covariance
function in (2). The first term is a square exponential that is
used to penalize the periodic pattern similar to the distance
function in (1).

3) Embedding Piecewise Linear Pattern in Temperature:
As load is sensitive to temperature, one can model such be-
havior into our covariance function. For example, a piecewise
linear temperature sensitivity relationship can be embedded in
the covariance function below. Here the temperature range is
divided into several zones (i.e. six zones in [11]), leading to
a vector form x of the input data.

kt(x,x
′) = σ2

0x · x′. (3)

where x · x′ is the dot-product of two vectors. One can
also embed other types of covariance function by identifying
special patterns of individual load data via data mining.

C. Model Selection and Parameters Reduction
In the last section several closed-form solutions for interven-

tion estimation, in the form of covariance function (1-3), have
been suggested. The hyper-parameters (Θ) of these covariance
functions, however, are typically unknown. To optimize the
parameters, we use training set T1 = (X1,E∗1) to maximize
the marginal log-likelihood:

log p(E∗1 |X1,Θ) = − 1

2
E∗T1 K−1

X1,Θ
E∗1−

1

2
log |KX1,Θ|−

n

2
log 2π,

where n is the length of training data set.
Therefore, the optimal hyper-parameter set is

Θopt = argmin
Θ

L(Θ) = argmin
Θ

log p(E∗1 |X1,Θ)

which can be solved by Newton’s method.
One of the major advantages of Gaussian Process based

method for intervention problem is that it provides not only
mean estimation, but also a joint probability distribution for all
estimated electricity load and related cost. Therefore, one can
calculate the stopping time of a stochastic process to explicitly
inform the time it may take to achieve a certain reward for each
customer.

We propose a Monte-Carlo scheme to compute such a
reward.

IV. NUMERICAL SIMULATION RESULT

We use a PG&E data set for our simulations. It con-
tains anonymized and secure smart meter hourly electricity
consumption data for about 10,000 PG&E residential cus-
tomers for a period of one year, spanning from 08/01/2010 to
07/31/2011. Temperature data were obtained from WeatherUn-
derground.com for the same period.

To evaluate the performance, we first utilize recorded
(actual)non-event data as ground truth. Different periods,
ranging from 1 week to 17 weeks, are then selected and the
actual data are replaced with predicted data for comparison.
We use Python package “pyGPs” [22] to implement GP-based
approach. Mean absolute percentage error (MAPE) is chosen
as the performance metric. We only use load data from single
users for training and testing.

Simulation results are illustrated in Fig. 2:
• Use 2 weeks of hourly load as training set to forecast 1

week of hourly load;
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(a) 2 weeks training, 1 week testing (b) 4 weeks training, 1 week testing

(c) 1 week training, 4 weeks testing

Fig. 2: Estimation comparisons with different training set
lengths and different forecasting time horizons

• Use 4 weeks of hourly load as training set to forecast 1
week of hourly load;

• Use 1 week of hourly load as training set to forecast 4
weeks of hourly load.

In Fig. 2a, 1 week of forecasting data is shown in red line,
and its corresponding 95% confidence interval is shown in pink
shadow. We observe that the mean estimate learns features
of periodicity and temperature, and the 95% confidence zone
covers true values for the week in the forecast.

In Fig. 2b, we conduct 1 week of forecasting with 4 weeks
of training data. The goal is to compare its performance
with 2 weeks of training data in Fig. 2a. Fig. 2b shows that
the Gaussian process model can adapt to different training
set lengths. As more information is provided, the forecasted
load shape in Fig. 2b captures the temperature feature better,
especially for the first and second days with low temperature
and relatively low energy consumption. The 95% confidence
zone still covers all true values.

Finally, if we decrease the training set length to 1 week to
forecast 4 weeks of load, it is expected that time series-based
methods will fail. However, the GP-based 4 weeks of interven-
tion estimation performs well in terms of mean estimates and
uncertainty characterization. The result is presented in Fig. 2c.
We observe that the GP-based estimate is not affected by such
a short training data set. It gives both highly confident mean
estimates and trend of the uncertainty.

Besides the load domain analysis in Fig. 2, we show the
result in Fig. 3 for error domain analysis for all users in PG&E
data.

All the users’ models are trained by 8 weeks of data, and

Fig. 3: Error domain analysis for intervention estimation
a single model is used to predict different time horizons from
2 weeks to 17 weeks. We also build a moving average model
and time-of-week and temperature based regression model to
implement the intervention estimation. As one can see, GP-
based approach is the best, no matter how long the forecasting
is. Especially for very long time horizons up to 17 weeks, GP-
based method is much more robust than the other two methods.

Fig. 4: Error versus meter aggregation
Fig.4 shows the relationship between Errors (MAPE) and

aggregation levels in different intervention scenarios, i.e. peak,
partial peak, and off peak. At single user level and median ag-
gregation level (10− 100 users), GP-based approach performs
the best. At zip code level (1000 users), both regression and
GP-based approaches have a good performance.

In Fig. 5 we illustrate some Monte-Carlo simulation re-
sults for discounted total reward with a discounted rate of
99.9%(Fig. 5a), average cost (Fig. 5b), fixed time total reward
for one week (Fig. 5c), and stopping time for reaching $20 of
electricity cost(Fig. 5d). The distributions of the three reward
functions are very similar with normal distributions, while the
stopping time has three dominant time stamps. In practice,
utility companies can use these data to determine the length
of a long-term energy saving programs or demand response
programs.

In Fig.6, we show the relationship between iteration time
of GP baselining and the associated MAPE error. Such a
result shows that starting from 6 iterations, the MAPE start
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(a) Discounted total reward (b) Average cost

(c) Fixed time total reward (d) Stopping time

Fig. 5: Monte Carlo method simulation of the distribution of
different reward functions
to decrease. After 12 iterations, there is no significant im-
provements. This means that GP-based baselining only need a
short iteration number for intervention-based baselining. The
bottleneck of computation speed is number of CPU cores,
rather than the size of memory. For a single Intel 2.6 GHz
Intel i5 Core, Gaussian Process intervention estimation of
12 weeks, using 40 weeks historical training data, with 12
iterations spends 2.95 seconds, which is suitable for most
of the potential practical applications such as planning and
program evaluation.

Fig. 6: Error versus iteration time
V. CONCLUSIONS

In this paper, we present and formulate the intervention
estimation problem for demand side management. For cus-
tomer load profiles that are unstable with large variance,
and forecasting problems involving infinite time horizons,
conventional forecasting and baselining techniques lack the ca-
pability to provide good mean estimates and meaningful joint
probability distribution. We propose a Gaussian Process based
method for solving the demand side intervention estimation

problem and analyzing its benefits. Simulations using a PG&E
data set show superior performance, suggesting that there are
great potentials of deploying Intervention-Based demand side
energy management programs for a sustainable smart grid.
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