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Abstract—While adding new capabilities, the distributed en-
ergy resource proliferation raises great concern about challenges
such as dynamic fluctuations of voltages. For example, in a
volatile setting with highly uncertain renewable generation and
customer consumption, it is challenging to provide reliable power
and voltage prediction for operational planning purposes to
mitigate risks, e.g., over-voltages. In this paper, we propose an
integrated Gaussian Process-based method (IGP) for electric load
(consumption minus generation) prediction. For improving the
forecasting accuracy, we use not only the data streams generated
by the target customer but also those of relevant customers in the
feeder system. An adaptive data communication rate controlling
scheme is further proposed for dimension reduction of streaming
data to address the situation when bandwidth limit enforces a
constraint in some feeders. The goal is to make IGP with the same
prediction precision but significantly less streaming data amount.
The superior efficacy and efficiency of IGP and its enhanced
variants are tested and verified on the standard IEEE 8-bus and
123-bus distribution test cases.

Index Terms—Load prediction, Gaussian process, active learn-
ing

I. INTRODUCTION

The electric industry is undergoing structural changes as
distributed energy resources (DERs) are integrated into the
distribution grids. DERs are small power sources such as
photovoltaic (PV) power devices (renewable generation), en-
ergy storage devices (consumption flexibility), and electric
vehicles (vehicle-to-grid services). As they have the potential
to offer end-consumers more choices, cleaner power, and more
control over energy bills, the deployment of DER is gaining
momentum on a worldwide scale [1].

While adding new capabilities, the DER proliferation raises
great concern about the resilience of the power grids [2],
[3]. Dynamic fluctuations of voltage profiles, voltage stability,
islanding, and the distribution system operating at stability
boundaries are some of the troubling issues for distribution
grid operation [4]. Therefore, highly accurate power state pre-
diction is critical for operational planning purposes to mitigate
risks, e.g., avoid over-voltages, in the near future. However, in
a volatile setting with highly uncertain customer consumption
and renewable generation, it is challenging to provide reliable
load (consumption minus generation) prediction, especially for
residential customers in the secondary distribution grids.

Many mathematical and statistical approaches have been
proposed for prediction purposes in power systems. For a
non-exhaustive review, see [5]. However, a majority of these
methods can only achieve relatively low predictive accuracy
and have difficulties accounting for heterogeneity across indi-
vidual users [6]. Even worse, these methods are mostly passive
in nature, ignoring the fact that the data acquisition plan can

be adjusted to improve estimation accuracy and efficiency.
Since hourly electric load data essentially is a time series,
commonly used techniques for time series analysis can be
applied for electric load prediction. Among them, Gaussian
process regression (GP) is known as a nonparametric estima-
tion approach, with favorable properties such as being highly
flexible to capture various features of the data at hand and
providing a natural measure to quantify the resulting prediction
uncertainty [7]. In [8], the authors adopt GP for time-series
modeling and show through some real-world examples that
satisfactory results can be obtained for predicting a time series
of interest, by taking time as the sole input variable.

Unfortunately, most existing GP-based methods with similar
ideas to [8] only focus on using the electric load data stream
itself generated by the target customer to make its own
prediction, but ignore possibly valuable information provided
by other relevant customers in the system. That is, these
methods fail to explore and exploit the dependence of the load
observed at the target customer on quantities measured at other
customers.

In this paper, we first propose an integrated GP-based
method (IGP) that not only utilizes the data streams generated
by the target customer, but also exploits those data streams
generated by relevant customers based on physical power
flow laws. While significant load forecasting improvement
is observed, such an extensive data streaming method may
frequently violate the bandwidth in a feeder communication
system. For this reason, we develop an adaptive data com-
munication rate controlling scheme by actively learning from
data gathered and conduct dimension reduction. This scheme
enhances IGP by optimally adjusting the communication rate
of data generated by each customer, such that the total com-
munication bandwidth constraints imposed are satisfied.

The proposed IGP, input dimension reduction method and
adaptive data communication rate controlling scheme are
tested and verified on the standard IEEE 8-bus and 123-
bus distribution test cases [9], [10], and show superior point
and interval predictive performance with significantly reduced
computational effort.

The rest of the paper is organized as follows. In Section II,
we propose an integrated GP-based method (IGP). In Section
III, we propose a dimension reduction method for IGP to
reduce its effective input-space dimension; an adaptive data
communication rate controlling scheme is further proposed
to enhance the performance of IGP under fixed communi-
cation bandwidth constraints. The numerical experiments are
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Fig. 1. Hourly electric load of a customer and Moving Coefficient of Variation
(MCV) of the electric load in a 8-bus system throughout one year. MCV =
σ/µ, where σ and µ are the moving standard deviation and moving average
of electric loads observed over 5 hours. MCV can be as high as 2.

presented in Section IV. Section V concludes this paper.
II. GP-BASED METHODS FOR ELECTRIC LOAD

PREDICTION IN FEEDER SYSTEMS
In a feeder system, the hourly electric load data (consump-

tion minus generation) of a particular customer i at time t
sampled by smart meters can be seen as a time series {P t

i }.
To predict future P t

i , we usually acquire the historical data of
P t
i and the historical data of other variables related to P t

i for
learning the prediction rule. Such a learning process is called
training in machine learning. Therefore, the training dataset
is essentially a set of input-output pairs, in which the output
variable Y is P t

i , and the input variable X is the combination
of the variables relevant to P t

i in the training dataset. We
aim to infer an underlying function Y = f(X) based on the
training dataset T = {(xt, yt)| t = 1, 2, . . . , n}, where n is
the sample size.

Various mathematical models can be used to perform this
inference, of which GP model is preferable in this work
for its outstanding capability of capturing uncertainties. In
GP model, a Gaussian prior distribution is placed on Y ,
and the distribution is specified by a mean function µ and
covariance function K: Y ∼ GP (µ,K), where µ and K
have unknown parameters, which can be estimated through
the training dataset T . Once the estimate of the hyper-
parameters is obtained, then the posterior distribution of Y
can be specified. The set of future electric loads P t′

i s and their
corresponding input variables can be described as a testing set
T ⋆ = (X⋆, Y ⋆), where Y ⋆ is unknown, and X⋆ is known for
prediction purpose. The joint distribution of Y and Y ⋆ is:(
Y
Y ⋆

)
∼ GP

([
µ(X)
µ(X⋆)

]
,

[
K(X,X) K(X,X⋆)
K(X⋆, X) K(X⋆, X⋆)

])
.

Then, the conditional distribution of Y ⋆ on X and Y can be
obtained and used to derive the predictive mean of Y ⋆ as an
estimate for future P t

i . The predictive mean and variance are:
E[Y ⋆] = µ(X⋆) +K(X⋆, X)K′(X,X)−1(Y − µ(X)), (1)

Cov(Y ⋆) = K(X⋆, X⋆)−K(X⋆, X)TK′(X,X)−1K(X⋆, X)(2)

where K ′(X,X) = K(X,X) + σ2In, σ2 represents the
sampling noise variance, and In is n × n identity matrix.
The hyper-parameters in µ, K and σ can be estimated by
maximizing the log likelihood function. See [7] for details.

0 1000 2000 3000 4000 5000 6000 7000 8000

Hour

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

Electric Load

Sine Function of Voltage Angle Difference

Fig. 2. Electric load of a customer and the sine function of the difference in
voltage angle of this customer and a neighboring customer in a 8-bus system
throughout one year. Data is sampled hourly. These two quantities present a
strong negative correlation.
A. A Naive GP Modeling Method for Electric Load Prediction

The application of GP modeling for time series analysis
has been recently studied in [8], in which the authors take
only the time variable t as the input variable for time series
prediction. To use this GP modeling for electric load pre-
diction, we choose a simplified version of the quasi-periodic
kernel as given in [8] to describe the correlation between
the electric loads at different time instants because of the
periodic pattern of P t

i . Specifically, the covariance between
the electric loads at two time instants t1 and t2 is defined
as K(t1, t2) = τ2 exp

(
− sin2(π(t1−t2)/T )

ω − (t1−t2)
2

α

)
, where

τ2, ω and α are the hyper-parameters to be estimated using
the training dataset, and T is the specified cycle. Here, we
set T = 24, since P t

i usually presents a periodicity of 24
hours. We refer to this method for electric load prediction as
naive GP modeling method (NGP). Notice that NGP does not
require any additional information to predict future load other
than the observed load P t

i of customer i at a given time t.

B. Integrated GP-based Method for Electric Load Prediction

The hourly electric load data consists of a highly volatile
time series, as illustrated in Fig.1. This high variability is
due to the randomness of the target customer’s behavior.
NGP utilizes only the historical electric load data of the
target customer for prediction. However, power system is an
integrated system, in which different customers have strong
correlations, as shown in Fig. 2.

1) Basic Formulation of the Integrated GP-based Method:
To account for this correlation, we incorporate the information
of other customers to form the input vector. The idea is
essentially based on the well-known power flow equation:

0 = −Pi +

N∑
k=1

|Vi||Vk|(Gik cos θik +Bik sin θik), (3)

where Pi is the electric power injection (load - generation) of
bus i in a feeder system, |Vi| is the voltage magnitude of bus i,
θik is the difference in voltage angles of buses i and k, Gik and
Bik are coefficients describing the relationship between buses
i and k, and N is the total number of buses in the power
system. Equation (3) implies that Pi depends on quantities



such as |Vi|, |Vk|, cos θik and sin θik. For the prediction of
customer i, one way of incorporating these quantities into the
input vector would be to set its value at time t as
xt =

(
Ct

i,1, C
t
i,2, . . . , C

t
i,i−1, C

t
i,i+1, C

t
i,i+2, . . . , C

t
i,N

St
i,1, S

t
i,2, . . . , S

t
i,i−1, St

i,i+1, S
t
i,i+2, . . . , S

t
i,N

)⊤
,

where t denotes the time variable, Ct
i,k = |V t

i ||V t
k | cos θtik

and St
i,k = |V t

i ||V t
k | sin θtik. However, this setting essen-

tially applies GP to approximate a linear relationship, hence
cannot fully utilize its capability. Moreover, it entails an
input variable space of dimension 2(N − 1), and numer-
ical problems often arise when N is large. According
to [11], there is a strong coupling between electric load
and voltage angle, whereas the coupling between electric
load and voltage magnitude is usually weak. Therefore,
we specify the input vector at time instant t as xt =(
θti,1, θ

t
i,2, . . . , θ

t
i,i−1, θ

t
i,i+1, θ

t
i,i+2, . . . , θ

t
i,N−1, θ

t
i,N

)⊤
, where

θti,k denotes the difference in voltage angles of bus i and bus
k at time instant t. The dimension of the input space now
becomes N − 1. By using a simplified squared exponential
kernel function to model the correlation between the electric
loads corresponding to two arbitrary input vectors, the covari-
ance K(xt1 ,xt2) between the electric loads corresponding to
input vectors, xt1 and xt2 is

τ2 exp

(
−

i−1∑
k=1

(θt1i,k − θt2i,k)
2

αk
−

N∑
k′=i+1

(θt1i,k′ − θt2i,k′)2

αk′

)
,

where t1 and t2 are two arbitrary time instants, and αk

represents the hyper-parameter corresponding to customer k in
the covariance kernel. We refer to this method as the integrated
GP-based method (IGP).

2) Prediction with Uncertain Inputs: In addition to the
differences in the formulation of respective input variables and
kernels used, another major difference between NGP and IGP
lies in their prediction steps. In NGP, the only input variable
in X⋆ for making a prediction via (1) is the time instant of
interest which is naturally known to us. In contrast, to predict
at a future time instant using IGP via (1), the values of different
input variables in the input vector X⋆ are typically unknown.

We adopt a k-means clustering procedure to address the
problem of using IGP to predict with uncertain inputs at each
hour of a prediction day. Since there is usually a notable
discrepancy between the electric load behaviors of a customer
at different hours of a day, we sort the input vectors in the
training dataset by grouping the input vectors sampled at the
same hour of each day together as a new set, hence 24 such
sets are formed in total. We then aim to build the input vector
X∗ for each hour of the prediction day using these 24 sets.
We employ a k-means clustering method on each of the 24
sets to group the input vectors sampled at each hour. The
number of clusters is set to be k = ⌈

√
n/2⌉ by a rule of

thumb [12], namely, the smallest integer not less than
√
n/2,

where n is the number of the days where the training data
is sampled from. By assuming the similarity of the behaviors
of the electric loads of each customer on any two consecutive
days, the input vectors of the prediction day and the day before
should be in the same cluster in each of the 24 sets. Therefore,

α Customer t1 t2 t3
α̂2 2 8.364 0.480 1.387
α̂3 3 6.179× 103 1.243× 102 7.871× 103

α̂4 4 1.141× 103 1.219× 103 1.888× 105

α̂5 5 4.722× 103 1.836× 103 1.909× 103

α̂6 6 1.516× 104 3.228× 103 9.934× 103

α̂7 7 3.571× 103 2.123× 103 1.039× 105

α̂8 8 2.327× 103 3.740× 103 1.177× 103

TABLE I
PARAMETER ESTIMATES FOR αk OF EACH CUSTOMER IN AN 8-BUS

SYSTEM FOR THE PREDICTION OF CUSTOMER 1 ON DAYS t1 , t2 , AND t3 .

the centroid of the cluster which covers the input vectors of
the day before the prediction day in the training dataset is used
to form the input vector at each hour of the prediction day.

As the input vector X∗ is random, the standard way of
building a 95% prediction interval no longer applies for IGP.
Instead, we find the maximum and minimum loads at each
hour among those days where the training data is sampled
from and plug their respective corresponding input vectors into
(1) to construct the upper and lower bounds for prediction at
each hour of a given prediction day. In this way, we obtain
upper and lower bounds close to the maximum and minimum
Pi at each hour in the training dataset. If we expect the value
of Pi at each of the 24 hours of the prediction day to be ≤
maximum Pi and ≥ minimum Pi in the training dataset, then
the true value of Pi at each of the 24 hours of the prediction
day should lie in between the upper and lower bounds. This
assumption is somewhat ideal, but simulation results show that
the interval based on the upper and lower bounds constructed
this way has a better coverage of the realized loads than the
normal 95% confidence interval of NGP constructed based on
(2), as will be shown in Section IV.

III. ACTIVE LEARNING FOR LIMITED BANDWIDTH

A. Dimension Reduction of Input Space
Another advantage of using the integrated GP-based method

(IGP) is that the kernel hyper-parameter estimates shed some
light into the correlations between the behaviors of distinct
customers in the power system, and such information is crucial
for further reducing the computational cost for implementing
IGP, which scales as O(N3) where N denotes the bus number
in a system.

When performing the prediction for customer i, those cus-
tomers that are highly correlated with her can be identified
by their hyper-parameter estimates α̂k which are significantly
lower. This makes intuitive sense because when α̂k is signif-
icantly lower than the corresponding α̂ of other customers,
θi,k plays a major role in the covariance kernel, so that the
behavior of customer k has a strong impact on the prediction
of customer i. In such a case, we call customer k a neighboring
customer of customer i. The neighboring customer in this
sense is not based on geographical relationships, but based
on prediction relevance, though neighboring customers may
also be in close proximity geographically. Table I shows the
α̂k obtained for prediction of customer 1 in an 8-bus system
for three different days using IGP. We can see that α̂2 is
significantly lower than the other α̂’s, which indicates that
customer 2 is the neighboring customer of customer 1.



Identification of neighboring customers is helpful for re-
ducing the input space dimension for IGP. Since only the
neighboring customers play a significant role in the covariance
kernel, the information of the other customers in the power
system can be ignored for the electric load prediction of
the target customer. Therefore, we only need to retain the
dimensions corresponding to the neighboring customers in the
input vector and discard the remaining ones. This dimension
reduction procedure has been verified to be effective; as will
be shown in Section IV, the reduced-dimension integrated GP-
based method (RIGP) yields results as comparable to IGP with
full dimension information (referred to as FIGP).

B. Adaptive Control of Data Communication Rates
A larger training dataset usually leads to a higher predic-

tive accuracy. However, when communication bandwidth is
limited, it’s impossible to maintain a common communication
rate for all customers. Therefore, a data communication rate
controlling scheme is required to balance the communication
rates allocated to each customer while maintaining a high
overall predictive performance. The goal of such a scheme
coincides with the notion of active learning, in which we aim
to identify the most useful data streams based on a training
dataset, and proactively construct a data acquisition plans.

An effective and efficient data communication rate control-
ling scheme needs to address two questions: which customers
in the system to sample data from hourly and which input
variables to be included. For the purpose of electric load
prediction, the electric load data P is the only output variable,
so we cannot afford to sample less on P of each customer.
Since we only use θ to build the input vector for implementing
IGP, the key solution is to designing an effective sampling plan
for θ with a fixed sampling budget.

Due to the formulation of the input vector of RIGP, every
input vector requires the voltage angle of the neighboring cus-
tomers. If the voltage angle data of any neighboring customer
is missing at a time instant, then we are not able to build an
input vector. Because of a limited data communication ability,
it’s impossible to ensure sampling the data of every customer
in the system at every time instant within a time slot. As a
result, all the data sampled at a particular time instant may not
constitute a complete input vector for the prediction of a target
customer in RIGP. If at a particular time instant, the values of
voltage angle θ from all neighboring customers of customer i
are available, then we call the input vector constituted by the
difference in θ of customer i and all her neighboring customers
a “valid” input vector for the prediction of customer i.

From the system point of view, we formulate the optimiza-
tion program given by (4) to obtain an adaptive communication
rate controlling scheme based on active learning. Assume that
data can be sampled at every hour, we consider 48 hours
as a decision horizon for our controlling purpose. Since we
need the information of θ at every hour of a day to build the
input vector for each hour of the prediction day, we force
the scheme to sample θ at least once at each of the 24
hours for each customer within the decision horizon, and we
aim to maximize the number of “valid” input vectors for the

prediction of each customer in the system within the decision
horizon. We also assign different weights to each customer
in the objective function based on the variabilities of their
respective electric load data collected. A customer with a
higher variability is assigned a larger weight, as more “valid”
input vectors are required to accurately predict her electric
load. The optimization problem is given as follows:

max

N∑
i=1

48∑
j=1

ωicij

s.t. cij ≥ 1−

(
N∑

k=1

Aik −
N∑

k=1

Aikxkj

)
, (4)

cij ≤
N∑

k=1

Aikxkj/

N∑
k=1

Aik, cij = {0, 1},

48∑
j=1

N∑
i=1

xij = n, xi,j + xi,j+24 = 1,

xij = {0, 1}, i, k = 1, 2, . . . , N, j = 1, 2, . . . , 48,

where xij is a binary decision variable, with xij = 1 indicating
θ is sampled at hour j from customer i, and xij = 0 otherwise.
cij is a binary decision variable, with cij = 1 indicating
that we can form a “valid” input vector for the prediction
of customer i at hour j, and cij = 0 otherwise. Aik is a
known variable, with Aik = 1 denoting that customer k is a
neighboring customer of customer i, and Aik = 0 otherwise.
N is the number of customers in the power system, and n is
the total number of data points we can communicate within the
decision horizon, which is determined by bandwidth. ωi is the
weight assigned to each customer, and ωi = σi/µi, where σi

is the standard deviation of the electric load data of customer
i and µi is the mean of the electric load data of customer i.
Notice that σi and µi can be obtained from historical dataset
of customer i. Upon obtaining the optimal solution, we can
implement this scheme with RIGP for prediction.

IV. NUMERICAL EXPERIMENTS

We provide numerical experiments in the following two
parts. In the first part, we compare the predictive performance
of NGP, FIGP and RIGP. In the second part, we test the
efficacy of the proposed adaptive data communication rate
controlling scheme. For both parts, experiments are performed
on two datasets: a smaller dataset drawn from an 8-bus
system and a larger dataset drawn from a real-life 123-bus
system [9], [10], and across various time ranges. As users
may have near 0 net consumption at night or when renewable
generation matches the appliance usage at home, we use Mean
Absolute Percentage Error (MAPE) instead of Mean Square
Error (MSE) to measure the predictive performance of each

method: MAPE = n−1
n∑

t=1

∣∣∣(Pt − P̂t)/Pt

∣∣∣, where Pt is the

actual value of electric load at hour t, P̂t is the fitted value of
electric load at hour t, and n is the number of fitted values.
In our experiments, we set n = 24, t = 1, 2, . . . , 24, and
calculate MAPE for every prediction day.
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Fig. 3. MAPE of naive GP, reduced-dimension integrated GP and full-
dimension integrated GP for the prediction of a customer throughout 50 days
in 123-bus system. 8-bus system has a similar result.

A. Comparison of NGP and IGP
We make comparisons of NGP and IGP in two experi-

ments. In the first experiment, we compare their predictive
performance for a target customer within a time frame. NGP,
FIGP and RIGP are used to predict the electric load of the
target customer for 50 consecutive days. For all the methods
considered, we use the data sampled from the 15 days right
before the prediction day to form the training dataset. The
prediction results are shown in Fig. 3. We observe that in
both 8-bus and 123-bus systems, IGP outperforms NGP; the
performance of RIGP is comparable to that of FIGP.

In the second experiment, we compare the robustness and
variability of these methods when predicting for multiple
customers. NGP, FIGP and RIGP are used to predict the
electric load of 8 customers for 50 consecutive days with
a training dataset containing 15 preceding day’s data. The
MAPEs achieved by each method for predicting for the
customers on these days are summarized by boxplots shown
in Fig. 4. We can see that the variation of the MAPEs of IGP
is significantly lower than that of NGP, which implies that IGP
is more robust when applied to multiple customers. Moreover,
the boxplots of FIGP and RIGP are almost indistinguishable,
which verifies that our dimension reduction method leads to
little loss of predictive accuracy.

In addition, for a comparison of the coverage ability of NGP
and IGP, we draw a set of data from the 8-bus system in the
first experiment and plot the predictive mean with confidence
intervals for a customer on a prediction day using NGP and
RIGP, see Fig. 5. We see that the bounds we proposed for
IGP offer a better coverage of the realized loads than the 95%
confidence interval of NGP.

B. Testing Data Communication Rate Controlling Scheme
In this subsection, we test the efficacy of our adaptive data

communication rate controlling scheme. As a benchmark, we
design a naive data communication rate controlling scheme
for RIGP, in which data are sampled equally frequently from
each customer under a bandwidth constraint. We then compare
the predictive performance of four schemes: RIGP with the
adaptive controlling scheme, NGP with fewer training data

NGP FIGP RIGP NGP FIGP RIGP

Method
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Fig. 4. A boxplot of MAPEs in naive GP, full-dimension integrated GP, and
reduced-dimension integrated GP. MAPEs are obtained from the prediction
results of 8 customers for 50 days in both 8- and 123-bus systems.
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Fig. 5. Coverage ability of the 95% confidence interval of naive GP and the
bounds of integrated GP. Prediction is performed for a customer on a day in
an 8-bus system.

points, RIGP with the naive controlling scheme and RIGP with
full data points as if there were no bandwidth constraints.

For this experiment, we use 15 preceding days’ data as
training dataset for all these four schemes. A full data com-
munication rate should ensure that θ is sampled hourly from
every customer, so the full number of data points in 15 days
is 360N , where N is the number of customers in the system.
Therefore, in the scheme RIGP with full number of data
points, all the 360N data points are used for prediction. We
then consider a scenario, in which the communication rate
is reduced by one third, therefore we can only afford to
sample 240N data points in total. We consider 2 days as a
decision horizon. In the naive scheme of RIGP, for one day,
θ is sampled from every customer hourly; for the other day,
customers are evenly divided into three groups: G1,G2, and
G3, and θ is sampled from the customers in Gi only at the
hith hour, where hi = {i, i + 3, . . . , i + 21}, for i = 1, 2, 3.
This scheme ensures that the data communication bandwidth
budget is evenly allocated to each customer within the decision
horizon. For RIGP, we perform the prediction by using only
the “valid” input vectors, and when θ is not sampled from
any neighboring customer of the target customer at a particular
hour, we do not form an input vector with the incomplete data.
While the naive scheme sounds reasonable, it doesn’t take
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(a) 8-bus system.
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Fig. 6. MAPE of naive GP with fewer data points, reduced-dimension integrated GP with active learning scheme, naive scheme, and full number of data
points for the prediction of a customer throughout 50 days in 8-bus system and 123-bus system.

into account correlations between different customers, which
may result in some loss of potential “valid” input vectors.
In contrast, the adaptive rate controlling scheme given by
(4) allocates the budget optimally based on the correlations
between customers and the variabilities of respective electric
loads of customers. For NGP, full number of data points of Pi

is sampled in one day, and Pi is sampled every three hours
in the other day. Therefore, only 240 training data points are
used for prediction by NGP.

The predictive performance of different methods is shown
in Fig. 6. We see that in both 8-bus and 123-bus systems,
RIGP with full number of data points performs the best, and
RIGP with adaptive rate controlling scheme performs only
slightly worse than it, but better than RIGP with the naive rate
controlling scheme. NGP gives the worst performance with
fewer training data points. Moreover, the MAPEs achieved by
NGP show a much higher variability than RIGP when the
number of training data points is reduced.
C. Comparison of Computational Effort

All the numerical experiments are conducted with MAT-
LAB on a laptop with 6th generation Intel® CoreTM i7 proces-
sor and 8.0GB DDR4 memory. The average computation time
for performing one day’s prediction using different methods
is summarized in Table II. We see that NGP is very fast for
both 8-bus and 123-bus systems, since unlike IGP, the increase
of number of customers does not impact its input space
dimension. FIGP consumes the most time in both case, since
its dimension is the highest. The computation time of RIGP
depends on the number of neighboring customers of the target
customer, hence lies in between NGP and FIGP. Using FIGP
can be time-consuming, however, RIGP significantly reduces
the computation time and outperforms NGP. Therefore, RIGP
can be the most desirable for electric load prediction.

V. CONCLUSION

In this paper, we propose an integrated GP-based method
(IGP) for electric load prediction. This method features using
not only data streams generated by the target customer but
also those of relevant customers in the power system. An input

Scale NGP FIGP RIGP
8-bus 2.134s 45.903s 1.342s ∼ 3.313s

123-bus 3.422s 3.763× 103s 2.498s ∼ 263.662s
TABLE II

AVERAGE COMPUTATION TIME OF NAIVE GP, FULL-DIMENSION IGP,
REDUCED-DIMENSION IGP FOR ONE DAY’S PREDICTION WITH 15 DAYS’

TRAINING DATA IN 8-BUS AND 123-BUS SYSTEMS.
dimension reduction method and an adaptive data communica-
tion rate controlling scheme are further proposed, respectively,
to enhance IGP for input space dimension reduction and
data reduction to satisfy the often imposed limited bandwidth
constraints. The superior efficacy and efficiency of IGP and
its enhanced variants are tested and verified on the standard
IEEE 8-bus and 123-bus distribution test cases.
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