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Abstract—Electricity demand time series are stochastic pro-
cesses related to climate, social and economic variables. By pre-
dicting the evolution of such time series, electrical load forecasting
can be performed in order to support the electrical grid planning.
In this paper, we propose a Kalman based load forecasting
system for daily demand forecasting. Our proposed approach
incorporates a Principal Component Analysis (PCA) of the input
variables obtained from linear and nonlinear transformations of
the candidate time series. In order to validate our predicting
scheme, data collected from Brasília distribution company has
been used. Our proposed approach outperforms state-of-the-art
approaches based on state space and artificial neural networks.

I. INTRODUCTION

Electrical load forecasting is an essential component for
formulating strategies, planning, and operation of electric
systems. Several factors affect the load behavior in both spatial
and time domains. Relevant variables include weather, demo-
graphics, economic production, cultural habits and calendar
events. Evidently, there are random load components, related
to the natural variations observed in industrial processes and
to the unpredictable character of the human behavior. These
components are also usually nonlinear in nature, which creates
further difficulties in the selection and calibration of suitable
models.

The effect of weather on electricity consumption is re-
searched since the first half of the 20th century. In [1], the
influence of weather variables and conditions over the South
East England power system was discussed, stressing the effects
of decreased temperature over mean and peak load.

The concept of degree-day relates to the necessity of finding
a variable that measures the amount of energy needed to heat
or cool a building to a comfortable temperature, given the
external temperature. Since the last quarter of the 20th century,
degree-days are used as tool for energy consumption forecast,
as showcased in [2], [3]. Currently, heating (HDD) and cooling
degree-days (CDD) have been featured in several load forecast
methods, such as [4], [5] and [6].

Other important aspects of electricity demand are associated
with economic activities, energy prices, industrial production
and running stock of electric appliances. The causal rela-
tionship between economic growth, characterized in diverse
indicators, and the electricity consumption is investigated in
numerous of papers. In [7], Granger tests indicate short-run
causality between energy consumption and income for India
and Indonesia, while the test points to bidiretional relationship
for Thailand and the Philippines. Several variables are used to
assert the dependencies between energy consumption and eco-
nomic activities: Gross Domestic Product (GDP), population
and price indexes [8].

After the selection of a suitable set of input variables
related to the electricity demand, a prediction algorithm can
be chosen. The survey presented in [9] discusses the most
relevant studies on electric demand prediction over the last 40
years. Still in [9], classification of different models based on
input variables, forecasting horizon and linear or non-linear
prediction are shown. In terms of linear methods, [9] refers to
multiple regression [4], Box and Jenkins (B&J) models [10],
[11] and State Space approaches [12], [13], while, in terms
of non-linear methods, [9] cites Artificial Neural Networks
(ANN) [14], fuzzy logic and Grey theory models. The conclu-
sions in the survey are favorable to the nonlinear approaches,
praising the ability to generalize and detect nonlinearities.
According to [9], nonlinear approaches benefit from their
ability to generalize and detect nonlinearities, while linear
approaches are suitable for large amounts of data and benefit
from precise formulas to discover nonlinearities.

This paper proposes a Kalman filter based short term load
forecasting system that benefits from known dependencies
and data mining techniques to extract optimized sets of input
variables from a selection of candidate time series collected
from distinct sources.

The remainder of this paper is organized as follows: Section
II shows the variables adopted as candidate inputs. Section
III proposes the load forecasting system. Section IV presents



the prediction results compared to benchmarking predictors.
Section V concludes the paper and also indicates directions
for future work.

II. CANDIDATE INPUT VARIABLES

Several factors are known to affect energy demand: temper-
ature, climate events, energy tariffs, demographic indicators,
economic indexes, social conventions and cultural traditions.
Worldwide, with the ample access to information technology,
a diversity of data can be collected and substantial volumes
of time series related to electricity demand can be processed.
In Subsection II-A, we present the weather forecasts, while
in Subsection II-B, socioeconomic variables are shown. In
Subsection II-C and II-D, the variables related to energy tariffs
and calendar events are described, respectively.

A. Weather Variables

The historical weather data has been collected from the
Juscelino Kubistchek International Airport METeorological
Aerodrome Reports (METAR)1, located in Brasília. A METAR
presents hourly information about wind speed, wind direction,
visibility, relative humidity, dew point, temperature, weather
phenomena and altimeter barometric pressure, as measured or
observed in the surface. The reports also feature measurements
of cloud cover and indicative codes for weather phenomena
such as fog, rain, thunderstorms and snow.

Because the buildings are modelled as a four sided heat
exchanger with distinct heat conduction and convection co-
efficients at each compass point, wind speed variables are
decomposed in four components: north and south, east and
west. Such division is performed by means of trigonometric
transformations of the average wind speed and average direc-
tion as reported in METAR.

In this forecasting system, the maximum, minimum and
average temperature compose the classical weather input set
(Set A), with 3 variables. Set A and the remaining METAR
variables compose the Set B, with 26 inputs.

B. Socioeconomic variables

For the population input, time series of Brasilia region are
obtained in the Brazilian Institute of Statistical Geography
(IBGE2) database. Since the time series only have monthly
or annual values, daily values are obtained by cubic splines.
A similar approach is executed for the GDP input. Dividing
GDP by the population, one can obtain the per capita GDP. A
modified rolling grey algorithm as described in [15] is applied
to simulate forecasts of these candidate input variables, as most
of these indicators cannot be collected in real time.3

Additional variables are taken into account, such as the
fraction of low income households, the relative sales volume
index and the energy intensity indicator for industries with
low, medium and high specific energy consumption, relative
imports and export indexes, life expectancy at birth, basic
sanitation at residences and birth rate. Also present are the

1Wunderground Database, retrieved from http://www.wunderground.com/
2IBGE Database, retrieved from http://seriesestatisticas.ibge.gov.br/

official price index (IPCA), dollar exchange rate and GDP in
US dollars. The 13 socioeconomical variables are designated
as input set E in Section IV.

C. Energy tariffs

In Brazil, low voltage customers only have access to the
conventional monomial tariff, in which there is a fixed tariff
for energy ($/kWh). High voltage clients must adhere to a
binomial tariff contract, in which there two rates: one for
energy ($/kWh) and another for demand ($/kW). There is
a surtax if the demanded power is higher than the contract
limit. The tariff type can be conventional, hourly seasonal type
green or hourly seasonal type blue, moving from fixed rates for
demand, energy and surtaxes to different rates due to seasons
and peak hours. In Fig. 1 a moving average representation of
tariffs (conventional type) by consumer classes is presented.

Fig. 1. 60 day moving average of electricity tariffs in Brasília, in Brazilian
Reais (BRL) per MWh, by consumer class

Due to the multitude of classes, types and seasonal periods,
the historic tariffs time series is composed of 68 candidate
variables, being 10 low voltage conventional, 10 high voltage
conventional, 15 hourly seasonal type green and 33 hourly
seasonal type blue. It is designated as input set F in Section
IV.

D. Calendar events

The load profiles have markedly distinct behavior in work-
ing days, holidays and weekends. There are also atypical days
[16] with different load curves, such regular day preceding or
following a holiday. Large media and sports events can also
lead to uncommon behavior in the electricity demand.

While introducing addtional variability to the forecasting
problem, calendar events have the advantage of being previsi-
ble, which can be represented as a binary variable. These can
be described as boolean time series that have a true value when
the event is expected, being it false otherwise.

Expanding on other papers characterizations, for this load
forecasting system there are binary variables for each day of
the week, for summer saving time, for holidays and uncommon
days. The latter are classified as such due to proximity to other
holidays or the occurrence of major media or sports events,
such as important soccer matches of 2002, 2006 and 2010



World Cups. These 10 variables are designated as set G in
Section IV.

III. METHODOLOGY

The purpose of proposed load forecasting system is to
periodically and recursively select the most explanative set
of input variables from a given set of candidates and reliably
forecast the base, average and peak demand for the next day
of operations. The forecasting system can be divided in three
functional blocks, as shown in Fig. 2.

Fig. 2. Block diagram of the proposed load forecasting system

A. Preprocessing

The preprocessing block prepares the candidate variables to
be combined and selected in the PCA, either by normalizing
mean and variance of the candidate set, as by applying
nonlinear operations.

The mean and variance normalization is a simple procedure
designed to enforce uniformity in the amplitude scale of the
candidate variables, except for those boolean. This is important
to minimize numerical errors. Taking a sample of a given
length n of the ith candidate variable Û0i, which has mean
U0i and variance σ2

0i, it can be normalized to zero mean and
unitary variance by the linear operation as follows:

Û1i =
(Û0i − U0i)

σ0i
(1)

Nonlinear operations are performed on variables that have
well documented relationships with electric load. In this load
forecasting system, they comprise temperature variables, hu-
midity and wind variables, which are transformed in heating
degree-days, cooling degree-days, enthalpy latent days and
power law convection and psicometric coefficients.

The load response to temperature is known to behave
nonlinearly, specially at cold and hot extremes [4], [6]. This is
verified in Fig. 3, a scatter plot of maximum daily temperature
and peak demand.

Cooling Degree-Days (CDD) are a measure of the severity
and duration of hot weather, defined as the integral sum of
the subtraction between a given reference cooling temperature

Fig. 3. Scatter plot of maximum temperature and peak demand in Megawatts
(MW). The large number of virtually uncorrelated points suggest the coeffi-
cient provides a poor fitting.

and the ambient temperature over time. The CDD values are
estimated by the United Kingdom Meteorological Office (MET
Office) method [17], that is simpler yet reasonably accurate
and only requires minimum and maximum temperatures.

The relationship between the CDD and the electric demand
is stronger than the unprocessed temperature value. Fig. 4
presents a scatter plot that illustrates the correlation between
the two variables.

Fig. 4. Scatter plot of CDD and peak demand in MW. Because the large
number of noncorrelated points stays at zero degree-days, they do not affect
the determination of the CDD coefficient.

Similarly, Heating Degree-Days (HDD) are a measure of
the severity and duration of cold weather, which relates to the
heating requirements. However, as Brasília has a hot climate,
HDD requires a different parametrization than those performed
to model building heating demand. In Brazil, water heating by
electric showers is prevalent. This load behavior require higher
reference temperatures, as water has a far higher thermal
condutivity than air.

In this load forecasting system, three CDD and three HDD
variables are created, with reference temperatures of 16, 20
and 24 for the CDD and 22, 26 and 30 degree Celsius for
HDD. These variables model the nonlinear relationship of
cooling and heating requirements to the electric demand as
a piecewise trilinear function.



Enthalpy latent days (ELD) indicates the amount of energy
required to remove excessive moisture from the outdoor air
without reducing the indoor air temperature, but lowering the
indoor humidity to an acceptable level [18]. Eq. (2) defines
Enthalpy latent days as the summation of positive enthalpy
differences between the outdoor air enthalpy h0with relative
humidity x0, and enthalpy hb with indoor reference relative
humidity xb. Both enthalpies at the outdoor air temperature θ0,
The reference humidity is set in this load forecasting system
as 50%:

ELD =

24∑
t=1

[h0 (θ0, x0[t])− hb (θ0, xb)] (2)

The wind can have observable effects in electricity con-
sumption. To model such dependencies, the, the directional
wind inputs are transformed by means of power laws to
provide the convection coefficients hc for the heat transfer
modelling, which is shown in Eqs (3) and (4).

q̇ = hcS(T − T0) (3)

hc = 5.14vαw (4)

The heat transferred per unit time q̇ is a function of the
convective heat transfer coefficient hc, the contact area S and
the diference between T and T0, respectively the temperatures
of the object and the fluid. In [19], a power law approximation
in the form of Eq. (4) is inferred, relating the coefficient hc
to the air speed vw raised to power of α. In agreement with
[19], the exponent α = 0.82 is used to create four additional
variables to model heat convection on facades oriented to each
compass point. Exponent α = 2 is employed in maximum
wind and average wind nondirectional inputs to model human
confort psicometric functions.

These 13 nonlinearly transformed variables produce the set
designated as C in Section IV.

B. Input and Model selection

This load forecasting system employs PCA to search and
select the input variable set that better explains the variance in
electric demand, by means of linear combination of the candi-
date variables that generate a set of orthogonal inputs, called
principal components. A method to reduce dimensionality is
to select the j components with higher variance that explain a
given percentage of the candidate set total variance, discarding
the other components altogether.

Composed of 250 variables, the original set displays high
crosscorrelation between the input themselves, as presented in
Fig. 5.

PCA is applied at a training sample of the d0 candidate
variables, assembled in this forecasting system from their 360
previous values. The size of d0 can be as high as 250, when
all candidate inputs presented in II are used. The objective is
to reduce the dimensionality of the input set from d0 to d.

By means of a SVD decomposition, the left-singular vec-
tors, the singular values and the right-singular vectors are
obtained. The d singular values that represent 99.999% of

Fig. 5. Correlation between 250 candidate variables and peak demand, which
corresponds to the projection in the planes x = 0 or y = 0

the total variance are selected, their quantity determining the
dimension in the selected input set. The left and right-singular
vectors are then employed to produce the transformation
matrix T . Size of d is chosen by exhaustive search, as a
compromise between the mean and maximum error metrics,
mitigating overestimation.

For prediction, as the next day d0 values of the candidate
variables become available, they are transformed by T in
a optimized input of d variables, which are used for the
prediction of next day electric load.

In order to adapt to seasonal variations, this process is
repeated at every 120 days. The crosscorrelation of optimized
input set with 126 variables is shown in Fig. 6, obtained from
250 candidate inputs at the first iteration.

Fig. 6. Correlation between the 126 selected variables and peak demand,
which corresponds to the projection in the planes x = 0 or y = 0

After selection of the input variable set, it is needed to
generate a suitable State Space model that can lead to short
term load forecast by means of a Kalman predictor algorithm.
Mathematically, the State Space model has the representation
of equations (5) and (6), where X represents the state vari-
ables, U the inputs and Y the output. W and V stand for
system and measurement uncertainties, modelled as zero mean
white noise with variances Q and R.

X[k + 1] = AX[k] +BU[k] +W[k] (5)

Y[k + 1] = CX[k + 1] +V[k + 1] (6)



The initialization procedure sets the initial parameters that
the Kalman based predicting scheme needs in order to operate
reliably. The first parameter to be set is the model order,
which sets how many state variables are to be employed (N)
and the maximum input delay q. For the training dataset, the
scheme needs 120 days of past data, which are the previous
electricity demand and the exogenous input time series. A
range of candidate model orders is then simulated over the
training dataset, in order to peak the model with the smaller
MSE.

In this system the values N = 7 and q = 1 are used. Due to
the specific state space representation that is employed for the
predicting scheme, only the elements in the first row of A and
B matrices must be determined by linear least squares. Due
to the large amount of data, the elements are computed via an
iterative Generalized Minimum Residual (GMRES) method.

C. Kalman Filter
The Kalman filter [20] is a time domain technique that

relates inputs, output and state variables through two sets
of difference equations, (5) and (6). In this load forecasting
system the predicting algorithm consists of the recursive
repetition of Eqs. (7) to (12). Symbols with a hat stand for
predictions, while its absence represent a corrected estimation.
K is the Kalman gain, P is the error covariance matrix for
the state estimate X, and IN denotes the identity matrix of
order N .

X̂[k + 1] = AX[k] +BU[k] (7)

Ŷ[k + 1] = CX̂[k + 1] (8)

P̂[k + 1] = AP[k]AT +Q[k] (9)

Note that Eqs. (7) to (9) are calculated before the mea-
surement of the electricity demand, while the remaining filter
equations improve the predictions with the information gained
by the measurement.

K[k + 1] = P̂[k + 1]CT (CP̂[k + 1]CT +R[k])
−1

(10)

X[k+1] = X̂[k+1]+K[k+1](Y[k+1]−CX̂[k+1]) (11)

P[k + 1] = (I−K[k + 1]C)P̂[k + 1] (12)

Adding to the original set of Kalman filter equations,
the predicting block also employs variance estimation steps,
shown in Eqs. (13) to (17)

V[k] = Y[k]− CX[k] (13)

R[k + 1] = k−1R[k] + (k − 1)k−1V ar(V[k]) (14)

W[k] = X[k]− X̂[k] (15)

4Q =
√
(V ar(W[k])2 − IN · V ar(V[k])2) (16)

Q[k + 1] = k−1Q[k] + (k − 1)k−14Q (17)

After Eq. (17), the algorithm moves ahead to the next time
step and repeat the process, starting from Eq. (7). The load
forecasting system has the input set and SS model refreshed
at every 120 time steps.

IV. RESULTS

In order to validate the proposed PCA-Kalman load fore-
casting system (PKF) performance, the load time series have
been forecast by concurrent methods of linear and nonlinear
natures. A classical Kalman Filter (KF) without PCA and
variance estimation represent the linear approaches, while a
classical BP double layer Artificial Neural Network (BP) and
a PCA enhanced BP ANN (PBP) are employed to showcase
the performance of these nonlinear methods.

The above described benchmark models are used to forecast
base, average and peak demand. For each prediction the
Mean Squared Error (MSE), Mean Average Percentual Error
(MAPE) and Maximum Percentual Error (MPE) error metrics
are calculated. Eight input sets are tested, each designated by
a capital letter. Sets A and B are described in subsection II-A,
set C in III-A, set E as explained in subsection II-B, set F in
II-C and set G is described in subsection II-D. Set D is formed
by the union of B and C, while set H is the union of all the
previous input sets.

The forecasting period starts at 29 October 2001 and com-
prises 914 days. Tables I, II and III, respectively, summarize
results for base, average and peak load forescasting.

TABLE I
ERROR METRICS FOR BASE LOAD

Metric Method A B C D E F G H

MSE

PKF 162,8 91,4 114,9 76,4 234,3 189,3 92,1 37,5

KF 155,1 92,3 137,3 88,1 251,4 218,7 92,1 80,2

PBP 177,8 336,4 517,0 474,0 130,6 110,5 321,4 395,7

BP 137,4 348,6 353,4 500,4 165,3 94,3 252,6 468,4

MAPE

PKF 3,05 2,33 2,63 2,12 3,47 3,29 2,26 1,40

KF 2,99 2,30 2,86 2,24 3,53 3,07 2,26 2,10

PBP 3,32 4,49 5,64 5,14 2,90 2,69 4,23 4,79

BP 2,92 4,57 4,47 5,55 3,31 2,39 3,65 5,16

MPE

PKF 20,8 11,8 13,1 11,1 24,6 19,6 15,1 9,8

KF 20,3 14,5 16,6 14,3 30,4 35,9 15,1 11,8

PBP 19,3 18,4 21,6 37,4 13,2 13,2 18,9 23,4

BP 11,8 18,8 20,7 23,0 13,0 11,4 17,7 26,6

Note that all input sets provide reasonable forecasting
performance. For the state space approaches, set C slightly
outperforms input set A, as D also outperforms B, giving
evidence that the performed preprocessing is beneficial to
linear predicting algorithms. The ANN methods, however, are
negatively affected. Input set F works well with the neural
networks. Input set H combined with the load forecasting
system provide the best performance.

Overall, the prediction of average load displays the largest
error metrics, probably due to the larger quantity of outliers
in this particular time series. The only exception is the PCA-
Kalman system, as it shows smaller relative errors at the cost
of increased maximum error, as compared with the base load
prediction problem. ANN do not seem to perform well in this
scenario, displaying large error metrics.

The proposed PCA-Kalman based approach vastly outper-
forms the other methods for peak load prediction. The KF
achieves a MSE almost three times larger, yet forecasting with
good accuracy. ANN methods produce better results when
employing input set F.



TABLE II
ERROR METRICS FOR AVERAGE LOAD

Metric Method A B C D E F G H

MSE

PKF 579,0 339,2 454,4 302,2 1403 631,6 204,2 83,7

KF 554,2 343,4 484,8 338,7 851,8 640,2 204,2 263,2

PBP 1247 1780 1306 1999 1544 1152 1945 2389

BP 1567 2597 1685 1988 1170 1220 1648 2052

MAPE

PKF 3,62 2,90 3,26 2,59 4,71 3,87 2,14 1,32

KF 3,51 2,89 3,37 2,81 4,16 3,57 2,14 2,46

PBP 5,79 7,48 6,23 7,72 6,71 5,91 7,33 8,11

BP 6,69 9,13 7,09 7,54 6,06 6,02 6,75 7,85

MPE

PKF 40,8 18,3 23,4 22,8 54,9 37,0 22,1 12,4

KF 40,4 18,4 33,6 19,3 39,9 37,0 22,1 19,6

PBP 28,2 28,8 21,3 33,7 35,2 29,9 30,0 40,1

BP 36,1 26,4 31,0 40,5 30,9 30,8 25,2 32,1

TABLE III
ERROR METRICS FOR PEAK LOAD

Metric Method A B C D E F G H

MSE

PKF 501,8 294,2 389,2 263,3 1046,3 529,3 189,9 71,4

KF 491,0 289,5 413,4 275,4 786,4 494,4 189,9 212,2

PBP 646,0 1365 1079 1476 813,3 550,0 1627 1632

BP 666,1 1988 808,2 1630 587,2 561,5 1205 1388

MAPE

PKF 2,63 2,06 2,30 1,88 3,11 2,72 1,69 1,01

KF 2,60 2,06 2,38 1,98 2,98 2,43 1,69 1,70

PBP 3,22 4,68 4,20 4,75 3,50 2,99 5,20 4,99

BP 3,15 5,74 3,63 5,15 3,06 2,79 4,13 4,87

MPE

PKF 27,0 15,4 18,3 14,2 39,4 28,0 8,8 6,4

KF 27,0 14,8 22,5 14,3 31,5 28,0 8,8 14,5

PBP 22,4 25,5 16,5 23,5 19,5 15,2 21,6 24,8

BP 24,5 23,0 17,0 26,7 15,2 25,2 25,6 30,5

Overall, the proposed system displays good forecasting
performance, being capable of daily predicting demands with
MAPE lower than 2 % in all scenarios. In comparison, the
linear and nonlinear predictors employed as benchmark could
only achieve MAPE lower than 2.5%, at best.

V. CONCLUSIONS

This paper proposes a short term load forecasting system.
The envisaged method has been validated by forecasting daily
values of base, average and peak load in Brasília, Brazil.
Linear and nonlinear transformations, as well as data mining
techniques were employed to produce optimized input sets.

The candidate socioeconomical variables and the tariff time
series are shown to be capable of improving the performance
of the evaluated methods, remarking the good performance
given by the tariff input set to the ANNs. The nonlinear
transformations performed over weather variables are effective
at improving the forecasting performance of the State Space
predictors. Having built-in nonlinear capabilities, the ANN do
not benefit from these transformations, nevertheless.

Further research must focus on expanding the sets of
candidate variables and investigate the possibility to develop
universal types of nonlinear transformations, applicable to the
full set of candidate variables. More advanced feature selection
procedures either substituting or complementing PCA should
be attempted, in order to further reduce complexity and
avoid overestimation. The effect of rapidly growing distributed
generation, grid storage and demand response over the perfor-

mance of this load forecasting system might also be a topic
for future work.
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