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Abstract—Classifying different type of consumers (households,
office buildings and industrial plants) is an important task in
Smart Grids. In this paper, we propose a novel classification
scheme based on nonlinear prediction for consumption time-
series obtained from a smart meter. The candidate predictors
were tested under different assumptions regarding the statistical
behavior of the underlying consumption time-series. As a result
a feedforward neural network based predictor has been shown
to be the most promising solution. In order to demonstrate the
power of the proposed method simulations have been carried
out. The consumption data came from a bottom up model, where
Markov model of individual appliances and real measurements
of photo-voltaic generators have been applied. The numerical
results prove that our method is capable of distinguishing an
office-building with installed photo voltaic mini power plant from
an office-building which is lack of such power plant.

Index Terms—Linear prediction, Nonlinear prediction, Feed-
forward Neural Network, Radial Basis Function Network, Smart
Grid, Classification

I. INTRODUCTION

Smart grid is a new vision of future evolution of electricity
systems. In contrast to the present grids, smart grid can
efficiently incorporate the renewable energy resources and can
adaptively manage the balance (supply and demand) of the
system. The new features root in the two-way communication
system and an intelligent measurement system as an integrated
part of the energy system. The new objectives and possibilities
of the system imply new applications which are based on new
signal processing methods. In the presence of smart metering
a huge amount of data will be acquired. The information can
be caught by sophisticated algorithms.

The aim of the relevant research is to define the fields of
interest at the methods by which the relevant information can
be reached. Such tasks are identifying consumer categories,
identification of outliers in certain groups, identification of
misuse of services. In this paper we deal with only one of
these relevant tasks, which is automated detection of consumer
classes which is the basic tool to recognize category changes,
consumption behavior changes, or irregularities of the grid.
The classification of different categories supposes that statis-
tical change points in time-series has been detected resulting
in stationary segments. In this paper, we cannot focus on the
segmentation problem, we only refer to the relevant literature
such as [1].

Our goal is to establish a new classification scheme that
is capable to distinguish between two categories of office
buildings with or without local photovoltaic generator. The
classification will be carried out by consumption time-series,
obtained by a smart meter. In this paper, a new classification
scheme will be investigated, which is based on the different
prediction error levels, obtained in different class of con-
sumers. Three different type of predictors will be tested such as
Linear Predictor (LP), Radial Basis Function Neural Network
Predictor (RBFP) and Feedforward Neural Network Predictor
(FFNNP), from which the FFNNP will be proven to be the
most promising tool.

The different predictors will be analyzed in different circum-
stances: as an initial level the consumption data is supposed to
be an autoregressive process. As a second level a more realistic
scenario will be used: the consumption will be modeled as the
sum of independent Markovian two-state (On/Off) models that
represent the appliance in the offices. The parameters of the
Markovian model were fitted on real power consumption data.
The paper will be organized as follows: In Section III, the
basic concept for the classification scheme and the applied
model of the system will be introduced. In Section IV, the
applied predictors will be described in detail. In Section V,
the performance of the different predictors will be analyzed,
finally in Section VI, conclusions will be drawn.

II. RELATED WORK

Based on several surveys on classification of time series we
summarize the existing methods. The algorithms, which are
designed for clustering time series have two approaches as
follows: i) redesign and modify existing algorithms in order
to handle the sequential data, where the aim is to exploit the
sequential nature of the data; ii) the data is transformed to
fit the model of existing algorithms. [2] The algorithms can
be categorized as i) distance based classification; ii) feature
based classification; and iii) model based classification. In the
following sections the categories will be briefly discussed.

A. Distance based classification

The decision of distance based classification algorithms
depends on the distances between data elements. In this case
new measurements have to be saved to calculate the distance
between two samples. The metric (measure of distance) has
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large influence of performance of the distance based clas-
sification algorithms. [3] In general the euclidean distance
is used, however special problems require more complicated
metrics such as dynamic time warping distance. [4], [5] When
the sequence contains symbols instead of numerical values,
sequence alignment is needed such as Needleman-Wunsch.

B. Feature based classification

Algorithms which are feature based, such as ANN and
Decision Trees transform the sequential data into a feature-
set. The selection of the appropriate feature set is the key of
the methods and mainly influences the performance. [6] The
wavelet decomposition of pattern matching is the most often
used methods to do the transformation.

One of the pattern extraction based method is the Minimal
Distinguishing Subsequence (MDS) method [7]. This method
is mostly suitable for biological sequences such as DNA or
protein sequences. The discriminative approach, which decides
that a new sequence belongs to certain class or not uses the
(Euclidean) distance between two sub-sequence.

The transformation of the time-series into frequency domain
can reduce the dimensionality. The methods: DFT (Discrete
Fourier Transform), DWT (Discrete Wavelet Transform), SVD
(Singular Value Decomposition) are well known in signal
processing [8].

Using kernel methods such as SVM (Support Vector Ma-
chines) to feature extraction may increase the number of
features to be handled by the method. These methods also
widely used on biological data such as mentioned before. [9]

C. Model based classification

Model based classification methods construct a model using
training set of data of a cluster. After training the new data
is classified upon the best fitting model. The methods can be
divided into statistical and neural network based algorithms
[2].

Notable statistical models are Gaussian, Poisson, Markov
and Hidden Markov Model. They are constructed as to model
the probability distribution of the data [10]. According to [11]
the methods can be divided into predictive and descriptive
models. The first one tries to estimate the unavailable data
from the existing ones, the second one tries to mine the
patterns and relationships in the data.

Hidden Markov Models can be used successfully in case
of biological data. They can deal with variable length input,
however requires the assumption on the probabilities of the
states, and the probabilities of certain state depends on only
the previous state [10]. HMM also requires prior knowledge
to choose the specific input features [12]. The artificial neural
networks (ANN), especially recurrent neural networks (RNN)
are close to the statistical models [13], however they not
require a priori knowledge about the data. Furthermore the
input noise has less influence to the performance of the
methods [14].

D. Our classification scheme

In our approach the data sequences contain only numerical
values and the method is semi-distance based as the method
make its decision based on the difference of predicted and
real measurement values. Furthermore by applying artificial
neural networks our method is also model-based. However this
model is constructed without any explicit information about
the behavior of the processes which generate the values of the
time-series. The artificial neural network is treated as a black
box and the training algorithm which extract the information
needed for the model, only requires the input and desired
output. During the training phase there are no assumptions
about the process, which generates the time-series, only the
observable values are available. That approach makes our
solution different from existing methods.

III. SYSTEM DESCRIPTION

In this section the basic system model, the data acquisition
framework and the data model will be introduced.

A. Data acquisition framework

Figure 1 depicts the scheme of data acquisition in the
model. There are several office-buildings equipped with smart
meters, which are supposed to measure and transmit the
power consumption time-series. The statistics of the power
consumption may differ in the case of different buildings,
which depends on the size of the building, number and type
of appliances, the habit, location, number of workers, etc.

Local 

Aggregation

Distribution 

Node

Fig. 1. The model of the Smart Grid Network. Several electrical appliances,
two different classes of buildings and two distribution nodes are depicted.

The measurements will be sent to a local power distribution
node, where the data will be analyzed. The data have to be
cleansed (outlier values have to be removed) and a continu-
ous classification will be maintained thus the change of the
behavior of offices-buildings can be detected instantaneously.

B. Scheme of the proposed method

The proposed method exploits the different statistical prop-
erties of the power consumption time-series acquired from
different classes of consumers. If a predictor has been trained
with time-series of class i, then the following assumptions
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are made: i) time-series of class i can be predicted with low
error rate; ii) time-series which do not belong to class i can
be predicted with significantly superior error. As a result a
prediction based solution not only capable of classification but
can detect measurement errors or can estimate the expected
consumption. That universality is the main advantage of our
scheme over the existing solutions. For the sake of simplicity
only two classes have been considered in the formal model.
Each class members were generated using the same statistics
(process parameters). Thus the resulting algorithmic flow of
the scheme is depicted by Figure 2. One predictor is trained for
every class, using representative sequences. After the training
phase for class i, the upcoming values of a new sequence
will be compared with their predicted values (using the ith

predictor) resulting in a prediction error sequence. The mean
of prediction error will be used as decision variable to decide
whether the upcoming sequence belongs to the class i.

Process A

Process B

Approximator trained with 

class A

Approximator trained with 

class B

Estimated forthcoming 

value and error

Estimated forthcoming 

value and error

Timeseries

Fig. 2. Algorithmic scheme of the proposed scheme.

Formally, the two classes of processes are denoted by C(i)

and C(j) respectively, the predictors are denoted by Γ(i) (.)
and Γ(j) (.) respectively. The training set of a predictor is
assembled by using samples from the corresponding time-
series:

τ(i) =
{(
x

(i)
1 . . . x

(i)
1+m;x

(i)
2+m

)
, . . .

}
,

τ(j) =
{(
x

(j)
1 . . . x

(j)
1+m;x

(j)
2+m

)
, . . .

}
, (1)

where

x(i) ∈ C(i) ∧ x(j) ∈ C(j) (2)

The information inherent in the correlation between the ele-
ments of the time-series can be used to predict the forthcoming
values. Therefore the classification problem boils down to
comparing the real xk value with x̂k, a value predicted by
using L preceding values. This predicted value is calculated
by applying the learned free parameters (W) of the predictor

x̂k = Γ (W, xk−1,...,k−L) . (3)

If the difference between real values and its prediction exceeds
a given threshold (∆), then the value does not conform to the
properties of the process learned by the predictor. Formally,
the result of the decision for the ith time-series:

ŷ
(i)
k = sgn

(
−
∣∣∣x(i)
k − x̂

(i)
k

∣∣∣+ ∆(i)
)
∈ {0, 1} . (4)

For each class a different threshold value may exist, which is
denoted by ∆(i) for the ith class.

C. Alternative algorithmic flow for linear prediction

In this section an alternative algorithmic flow will be dis-
cussed. Using linear predictor, the coefficients of the predictor
can be used directly as decision variables, since the space of
the linear filter coefficients span an Euclidean space. The basic
idea is illustrated by Figure 3.

Process A

Process B

LPC trained by Process A

LPC trained by Process B

LPC parameters

Timeseries

Comparator

Fig. 3. Alternate algorithmic flow indicating linear prediction

This scheme has the advantage of reducing the compu-
tational time of the method, however it cannot be used in
the case of nonlinear predictors due to the complexity and
variability of their structures.

IV. IMPLEMENTATION OF THE SCHEME

To implement the predictor, several techniques can be used
[15], such as i) linear prediction; ii) logarithmic prediction; iii)
SVM based prediction; iv) feedforward neural network based
prediction [16]–[18]. However we limited our scope to those
that are able to be executed and evaluated in real time. In this
section we briefly outline the prediction methods which satisfy
these criteria and are involved in the performance analysis.

A. Linear prediction based detection

For linear prediction (LP) [19], a Finite Impulse Filter (FIR)
can be used as follows:

x̂
(i)
k =

L∑
l=1

w
(i)
l · x

(i)
k−l, (5)

where the weights w(i)
m are optimized in order to minimize

the mean squared error of the prediction. The optimization is
based on a training sequence x(i)

k as follows:

w
(i)
opt : min

w(i)

M∑
k=1

∣∣∣x(i)
k − x̂

(i)
k

∣∣∣2 (6)

The optimization of the LP filter coefficients applies the auto-
correlation function [20] yielding the Yule-Walker equations
[21], which can be solved by the Levinson-Durbin algorithm
[22].

B. Nonlinear prediction by RBF neural networks

The Radial Basis Function (RBF) Neural Network can be
used as universal function approximator [23], and the training
of the network can be carried out rapidly by solving a set of
linear equations. RBF consists of the following layers:

1) Layer with radial basis function ϕ (.).
2) Output layer containing one linear perceptron to sum-

marize the outputs of the RBF.
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The output of the structure is computed as follows:

Net(x,w) = x̂
(i)
k =

N∑
l=1

w
(i)
l ϕ(x, c

(i)
l ) + w

(i)
0 , (7)

where ϕ function is a sphere-symmetric function. In our
implementation the most widespread Gaussian function has
been applied:

ϕG = exp

(
− r2

2δ2

)
= exp

(
−‖xl − cl‖2

δl
2

)
(8)

The RBF using as a predictor (RBFP) was trained by the
following method: [24]
• First the output of the network is determined for each

element of the training set.
• The element of the training set is found, which has the

largest prediction error. Then a new neuron is added with
weights equal the values previous element of training set.

• The weights of the linear layer will be recalculated.

C. Nonlinear prediction by FFNN

The Feedforward Neural Network Predictors (FFNNP) are
capable of approximation any function in L2 with arbitrary
precision [25], and can be trained by rapidly converging algo-
rithms. That advantage allows us to apply the prediction based
classification, which is capable to handle power consumption
time-series well. After preliminary simulations the FFNNP is
implemented with three hidden layers in our scheme. In the
first two hidden layers nonlinear sigmoid activation function
while in the last hidden layer linear activation function were
used. The output of the network can be expressed as

Net(x,w) =

ϕL

NL∑
l=1

w
(L)
l · ϕS

NL−1∑
j=0

w
(L−1)
lj ϕS

(
N1∑
m=1

w
(1)
lm · xm

) ,

(9)
where

ϕS(u) =
2

1 + e−2αu
−1 (10)

is the sigmoid activation function. To adapt the weights of the
artificial neurons the Levenberg-Marquardt backpropagation
learning function have been applied [26], which is often cited
as the fastest backpropagation algorithm.

V. PERFORMANCE ANALYSIS

In this section the results of the performance analysis of
our scheme will be introduced. The following metrics were
applied in order to characterize the performance of different
predictors and schemes:
• root mean square (RMS) of the prediction error:

RMS (x, x̂) =

√
1

n

∑
n

(xn − x̂n)
2 (11)

• RMS of difference of LP coefficients

RMS
(
wi, w′i

)
=

√
1

n

∑
n

(win − w′in)
2 (12)

• minimal detection error rate, where for obtaining Wj the
τj training set has been used.

ε = min
∆

(
E1 + E2

N ∗N

)
(13)

where

E1 =

N∑
i

∑
j∈Ci

sgn
(
RMS

(
Γ
(
Wj , x

i
)
− xi

)
> ∆

)
(14)

E1 =

N∑
i

∑
j /∈Ci

sgn
(
RMS

(
Γ
(
Wj , x

i
)
− xi

)
≤ ∆

)
(15)

As a first step, the different predictors has been compared
by applying different models of the aggregated consumption
series. After it, real power consumption data were used for
testing.

In the case of artificially generated time-series we applied
two levels of modeling i) AR processes and ii) independent
two-state (On/Off) Markovian models for the individual ap-
pliances; the sum of the appliance-level data was used as the
aggregate consumption time-series.

The simulations are carried out in Matlab environment.
The time-series are generated both i) autoregressive (AR)
processes with different parameters and ii) Markovian model
of appliances.

A. Markovian model for consumption time-series

Unfortunately, it is not common to have access to annotated
consumption data in public databases, which is why close-to-
real consumption time-series has to be generated artificially.
In our contribution the consumption of individual appliances
is assumed to be a two-state Markovian process which can
model the time dependencies of the time-series. The sum of
the independently modeled appliance consumption time-series
has been used as the model of aggregate consumption of a
consumer entity. The Markovian parameters were fitted on real
measurements coming from the REDD database [27], contain-
ing several weeks of appliance-level power consumption data
for 6 different homes.

Formally, a single appliance is modeled with a discrete
random variable

XMarkovian ∈ {0, h} , (16)

where 0 means that the consumer is switched off, and h is the
energy level of the powered device.

The power consumption of an office building were mod-
eled by the sum of several Markovian processes representing
computers, refrigerators and lighting devices. Figure 4 depicts
the consumption of a single appliance, and Figure 5 shows
the time-series generated by summing 100 independently
generated Markovian On/Off processes.
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Fig. 4. Markovian On/Off model of a single appliance
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Fig. 5. Aggregation of multiple time-series generated by independent Marko-
vian models

B. Simulation environment and results

For each tests N number of time-series were generated
for both classes. The prediction errors have been investigated
in order to determine whether significant difference exists
between the two classes or not. Therefore a cross-test was
performed: every time-series was used as a training sequence
for a predictor. After the training phase the time-series were
used to evaluate the trained predictors. The prediction has been
done for all time-series. Because of the RMS of the error can
be computed for all possible pair of training and test set, then
a N ×N matrix with these RMS values can be obtained:

Ri,j = RMS
(
Γ
(
Wj , x

i
)
− xi

)
, (17)

where Wj is obtained by using

τj =
{(
xj1 . . . x

j
1+m;xj2+m

)
, . . .

}
(18)

The visualization of matrix R characterize the detection capa-
bility of the methods. If we get four quadrants, where the RMS
of prediction error is low when the training set and test set
belong to the same Class (upper left, and lower right regions)
and the RMS of prediction error is high otherwise (upper
right and lower left regions) then the method is capable of
distinguishing the classes. As the edge is sharper between the
regions (i.e. the error dramatically changes at the border of
regions) the classification is more reliable.

1) Tests on AR processes: The linear predictor performs
low error as expected in the case of AR process. The AR
parameters of the two classes were [0.3,−0.3, 0.1, 0.2,−0.1]
for C1 and [0.9,−0.8, 0.1,−0.1, 0.2] for C2. Figure 6 shows
the resulting autocorrelation functions of two classes.
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Fig. 6. Autocorrelation plots of sample time-series from each power con-
sumption class

The LP is capable of prediction with the RMS of errors
(both in linear and dB values) depicted in Figure 7.
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Fig. 7. Demonstration of class separation capabilities of LPC predictor on
time-series generated by AR processes

Both RMS values and dB values show that it is possible
to have an appropriate ∆ threshold value in order to clearly
distinguish the classes. Using ∆ = 0.57 the detection error
rate is ε ≤ 10−5. Instead of using the previous metric and
algorithmic flow we have investigated the filter parameters of
the trained LP. The unsurprising results are depicted in Figure
8. The magnitude of error values is significantly lower, but that
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does not impair the classification capability of the scheme.
The results also demonstrate that the prediction capability
is redundant in case of AR processes. The same tests were
evaluated using the predictor coefficients. As one can expect,
the same low detection error rate can be seen in Figure 8.
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Fig. 8. The difference in RMS of the LPC filter coefficients

2) Tests on time-series generated by Markovian model: In
this section it will be demonstrated that the LP is not able
to solve the problem when the time-series are generated by
a more realistic Markovian model. The results are shown on
Figure 9 and Figure 10. Both results (∆ = 6248, ε = 0.195
and ∆ = 0.1383, ε = 0.265) indicates that the deployment of
nonlinear predictor such as RBFP and FFNNP is necessary.
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Fig. 9. RMS of LP errors in the case of Markovian model

Since linear predictor cannot predict the sum of Markovian
processes, nonlinear RBF and FFNN predictors came to the
fore. The results of RBFP are shown on Figure 11. Unfortu-
nately, RBF cannot satisfactory deal with the noncontinuous
segments of the time-series (see Figure 5), the performance is
poor: the minimum of the detection error (when ∆ = 1.76) is
ε = 0.691.

The results for prediction of sum of Markovian processes by
FFNN are shown in Figure 12. At a threshold of ∆ = 0.231
the classification error rate is under ε = 0.037), which seems
to be promising for a many applications. (However further
refinement of parameters such as number of hidden layers and
neurons is required.)
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Fig. 10. RMS of coefficient differences of LP in the case of Markovian model
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Fig. 12. RMS of error using FFNNP in the case of Markovian model

C. Real data tests and results

It also has been investigated whether the scheme is capable
of solving the problem in real applications or not. In order to
do that time-series by summing Markovian two-state (On/Off)
models, and real data of photovoltaic power generator were
used. From half of the generated time-series the photovoltaic
data have been subtracted. In such way two classes were
produced: i) an office building with solar power generator
installed on the roof; and ii) an office building without such
energy source. Furthermore, the possibility of low decision
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error rate caused by different expected value and variance was
excluded by aligning the expected values and variances to the
same interval as it is shown on Figure 13. (The number of
appliances was the same for all offices: 50 computers, 100
lightning devices, 10 air conditioner.)
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Fig. 13. Diagram of expected value and variance of Markovian data with and
without solar power

The obtained results are introduced by Figure 14. The
decision error rate is ε = 0.046 (int he case of decision
threshold ∆ = 0.196), which underlines that our scheme using
FFNN nonlinear predictor is capable of solving the task of
classifying different class of electricity consumers.
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VI. CONCLUSION

In this paper, linear and nonlinear predictors have been
applied in order to classify different classes of electricity con-
sumers that have the same first and second order statistics but
have different distributions and time dependencies. Both RMS
of prediction error and difference in coefficient vector has
been used as decision variable. Our scheme has been tested by
different consumption models, from which the most realistic
one (sum of Markovian two-state processes and photovoltaic
generator measurements) could be successfully classified only
by Feedforward Neural Network predictor. As a final result
it has been shown that FFNN based classification scheme is
capable of low error rate detection in real applications.

In the future we are going to extend the validation tests by
performing simulations with real power consumption data as
well. (The real measurements will be provided by a Hungarian
energy supplier company.)
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