N

HAL

open science

Load Forecasting Using Dynamic High-Order Neural
Networks
Georges Kariniotakis, Elias B. Kosmatopoulos, Manolis A. Christodoulou, Georges

S. Stavrakakis

» To cite this version:

Georges Kariniotakis, Elias B. Kosmatopoulos, Manolis A. Christodoulou, Georges S. Stavrakakis. Load Fore-
casting Using Dynamic High-Order Neural Networks. IEEE Joint International Power Conference Athens

Power Tech, Sep 1993, Athénes, Greece. pp.801-805, <10.1109/APT.1993.673905). ¢hal-03821839)

HAL Id: hal-03821839
https://hal.science/hal-03821839v1

Submitted on 30 Oct 2023

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documents may come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaire HAL, est des-
tinée au dépot et a la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
francais ou étrangers, des laboratoires publics ou
privés.

Au‘to':'lizition
HAL Authorization


https://hal.science/hal-03821839v1
https://about.hal.science/hal-authorisation-v1/
https://about.hal.science/hal-authorisation-v1/
https://hal.archives-ouvertes.fr

LOAD IF'ORECASTING USING DYNAMIC HIGH-ORDER
NEURAL NETWORKS

G. N. Kariniotakis, E. B. Kosmatopoulos, M. A. Christodoulou, G, S. Stavrakakis

Dept. of Electronic & Computer Engineering
‘Technical University of Crete
73100 Chania, Crete, GREECE

Abstract - A new short-term load forecasting model based
on reeurrent high-order neural networks (RHONNS) is presented
in this paper. Short-term load forecasts are required so that the
dispatch and scheduling of the generating units connected to a
power system can be performed to meet the expected demand as
economically and securely as possible. The proposed load fore-
casting model is able to provide accurate short-term load fore-
casts by using the minimum of input data that is, only historical
load data. Due to its dynamic nature, the RHONN forecasting
model is able to adapt quickly to changing load conditions like
important load variations or changes of the daily load pattern
(weckends, holidays etc). Simulation results over hourly load
timeseries of the greck island of Crete demonstrate the efficiency
of the model. The average absolute crror value of the entire year
hourly forecasts was 0.68 % while the average of the maxinun
daily crrors was equal to 0.98 %,

KKeywords : Electricity demand, power system load forecast-
ing, recurrent high-order neural networks.

1 Introduction

The objective of power system load forccasting is to enable in
all time an adaptation between electricity demand and genera-
tion. The requirement for an accurate and robust load forecast-
ing model is fundamendal to the sceure and cconomic operation
of a power system.

Currently, there arc three possible classifications for load fore-
casting! short-term (from the next 1/2-hour to 24 hours alead),
medium-term (from the next day to the next year) and long-term
(beyond the next year).

This paper is concerned with short-term load forccasting which
plays an important role for numerous power system functions like
unit commitment, economic load dispatch, hydro-thermal coordi-
nation, transaction evaluation, maintenance scheduling ete [1-6].

The most important factors, that allect the load evolution in
short-term periods, are the time-of-the-day, the day-of-the-week,
the various seasonal effects, the weather (dry bulb temperature,
relative humidity, wind speed etc.) and so on [1-10].

“Since mid-1960"s an important research has been performed
on load forecasting, while two main approaches to the problem
have been developed: a statistical and a knowledge based one
[11].

Concerning the statistical approach two types of models have
been developed: the peak-load and the load-shape models. In the
peak-load models the daily or the weekly peak load consists of a
weather-independent base load nnd a weather-dependent compo-
nent which is added to the base load [1-2]. Although peak-load
models are structurally simple, they are of limited use because
they do not contain information about the shape of the daily
load curve.

Concerning the load-shape statistical approach two kind of
models have been developed: static and dynainic ones [5]. In
the static load-shape models, the load is considered to be a lin-
ear combination of explicit time functions (sinusoids, polynomi-
als, etc). A special case is the spectral decomposition method
in which the time functions represent the cigenfunctions corre-
sponding to the autocorrelation function of the load time series
[6]. Static load-shape models are structurally simmple and provide
good load forecasts for not ordinary days like weekends. How-
ever, they are of limited use because they do not represent the
effects of the weather on load and they are not eflective for special
days like hollidays.

The most widely used methods so far are the dynamic load-
shape models, like the autoregressive integrated moving average
(ARIMA) and the state space inodels, which incorporate the
cumulative effects of the rccent load behaviour, of weather and
of random events [5-6].

In ARIMA models the load is composed of a deterministic
component which represents the periodic behavior of the load
curve and a random one which represents deviations from the
pericdic behavior due to deviations of weather from normal and
due to random correlation effects. The reported RMS error of
ARIMA models ranged from 2 % to 5.3 % for one-hour ahead
forecasts [5].

The main characteristic of the dynamic load-shape models is
that they are effective for forecasting of ordinary days, but they
are inapropriate for special days [4, 6, 8].

The knowledge based approach has been mainly developed in
order to overcome the weakness of the models mentioued above
to provide accurate forecasts for both ordinary and special days.



This approach has received much attention in recent years
because it can combine human experts’ experience with other
techniques (statistical, fuzzy decision etc.) to generate load fore-
casts for days with unusual patterns. The repported average
error for one-hour ahead forecasts varies between 1 % and 2 %
while the maximum error values are in the order of 4.5 % [8-10].

Recently, a new neural network approach has been developed.
In Refs [11-12], a neural network which is based on self-organizing
feature maps, is used to identify the various day types from his-
torical load data. The hourly load pattern for o specific day is
obtained by averaging the load patterns of several previous days
of the same type. Then, two multilayer feedforward neural net-
works, lrained for the specific day, are used for the prediction of
the peak and valley load respectively with historical weather and
load data as input. The reported average and maximum error for
an ordinary day is in the order of 1.25 % and 2.47 % respectively.

From the above discussion it is concluded that there is a ten-
dancy to increase modelling complexity, software development
and data input in order to develop models able to cover all day
types.

In this paper a new load forecasting modecl, which is based
on recurrent high-order neural networks (RHONNs), is proposed.
RHONNSs are proved to be able to approximate arbitarily close
any process due to their nonlincar dynamic nature. They appear
exponential error convergence and they are robust in abrupt in-
put changes and even in the case of missing data.

The implementation of RHONNSs in load forecasting provides
an accurate and robust load forecasting tool. The proposed neu-
ral network model is able to detect rapidly possible abrupt load
variations or important changes of the load-shape curve due to
special days (weekends or holidays). Then, the neural network
weights are dynamically adapted according to these variations
and concequently new training procedure is not necessary.

The case-study of the greek island of Crete is examined, while
the simplest case where the input of the neural network is only
historical load data is considered. One-hour ahicad load forecasts
have been compared to the actual data of one year and according
to the obtained results, the method appears to be superior from
other methods which use additionary information like tempera-
ture ete. In addition, the method is flexible to accept additionary
input like timeseries of temperature values. In that case even bet-
ter results should be expected.

2 RHONNS for System Identification

Recurrent neural network (RNN) models are characterized by
a two-way connectivity between units. This distinguishes them
from feedforward neural networks, where the output of one unit is
connected only to units in the next layer. In the simmple case, the
state history of each unit or neuron is determined by a differential
equation of the form

x,'(t -+ 1) = (I.'.”f?,'(f) -+ b;zw;jyj(t) (1)

where z; is the state of the i-th neuron, a;, b; are constants,
wy; is the synaptic weight connecting the j-th input to the i-th
neuron, and y; is the j-th input to the above neuron. Each y; is
either an external input or the state of a neuron passed through
a sigmoidal function, i.e., y; = S(«;) where S(-} is a sigmoidal
nonlinearity.

In a recurrent second-order neural network the total input to
the neuron is not ouly a linear combination of the components
yj, but also of their products yjyx. Moreover, one can pursue
along this line and include higher-order interactions represented
by triplets y;yxyr, quadruplets, ete. This class of neural networks
form a recurrent higher-order neural network (RHONN).

Consider now a RHONN consisting of n neurons and m input-
s. The state of each neuron is governed by a differential equation
of the form [13-15]

zi(t + 1) = ezi(t) + b IiXL: wie ] yj’(k)(f)] (2)

k=1 J€lx

where {I1,Iz,...,I} is a collection of L not-ordered subsets
of {1,2,...,m + n}, a;, b are real coefficients, wy, are the (ad-
justable) synaptic weights of the neural network, and d;(k) are
non-negative integers. The state of the i-th neuron is again rep- -
resented by x;, and y = [v1,v2,. .-, y,,l+,.]T is the vector consisting
of inputs to each neuron, defined by

0 5(z1)
Yn S(zn)
Y= = 3
v Ynt+t 5(uq) @)
ym+n S(um)

where u = [ul,u;,...,um}"' is the external input vector to the
network. The function S(-) is a monotone increasing, differen-
tiable sigmoidal function of the forin

1

S(‘L) = Gi—m -

¥ (4)
where o, # are positive real numbers and 7 is a real number.
In the special case that @ = # = 1, ¥ = 0, we obtain the logis-
tic function, and by setting a = f = 2, ¥ = 1, we obtain the
hyperbolic tangent function; these are the sigmoidal activation
functions most commonly used in neural network applications.
Consider now that there is a dynamical process, whose in-
put/output relation is given by a general difference equation

X +1) = F(x(t),....x(t —ny), ..oy z2(8), ..., 2(t = ny))  (B)

where x is the scalar process output, z is scalar the process in-
put, ny,n, denote the maximum delays of output and input,
respectively, and F(-) is an unknown function.

By setting u({t) = [x(£),..., x(t = 1ny), ..., 2(1), ..., ult — n,)]
relation (5) is rewritten as

x(t -+ 1) = F(u(t)) (6)

In [13-15] it has been shown that if (i) the function f(-) sat-
isfies some very mild continuity assumnptions, (i} the vector u(t)
is available for measurable, (iii) the number L of high-order con-
nections is sufliciently large, and (iv) an appropriate adaptive
(learning) algorithm for adjusting the weights of the RHONN,
then the RHONN can predict with any degree to accuracy the
process (6) output. Moreover, since the process is single-input
single-output we can use the following simplified single-neuron
RHONN model

2(t +1) = ax(t) -+ [EL: W H y;_’i(k)(t)jl (7

k=1 JElR



where all the entitics are defined as previously, with the dif-
ference that the subscript ¢ has been ommitted since the RITONN
consists of one and only one neuron. Moreover, in order to simpli-

Iy further our model, the vector y is set equal to [S(uy), ..., S(u,.)].

The weights wy, of the RIIONN (7) are adjusted using the
learning algorithm proposed in [13-15]

JEL

u,k(t + 1) — U-’k(t) +n [H y;’(“(f)} C(t) (3)

where e(t) = a(1) — x(1) denotes the prediction error and 4 is a
small positive parameter denoting the learning rate.

2.1 RHONNS for Forecasting the Load of

Power Systems

We now turn our attention to the problem of forecasting the
load of power systems. Qur approach is to model the process
of the load as a dynamical process of the form (6) where x(2)
denotes the load at the time-instant £, The main problem is
that the complete vector of inputs u := {uy,...,uy] is not com-
pletely available for measurement. Such a situation causes bwo
problems: the fiest is that the inputs that are not available for
measurement may allect considerably the model behavior, and
the second problem is that we may consider inputs that do not
aflect the model behavior at all. The last problem may cause
problems to the whole prediction process due to the additional
complexity that is required.
In our approach the input vector u{t) consists of:

(1) the history of the load of the past 24 hours, i.e. the first 24
components of the veetor u(t) consist of the subvector
{x(#),...,x(t —23)], where the temporal variable t is assumed to
be updated every onc hour,

(ii) some selected values of the load of the previous days and

(iit) the error history of the past 24 hours,

The selected values of the load of the previous days are usual-
ly sclected to be the values y(t —23-2), x{t —23-3), x({ —23-4),
cte. In other words, if we wish to predict the load at the 10-
th hour of May, 23, we include in the input vector the load at
the 10-th hour of May, 22, the 10-th hour of May, 21, cte. In
our model only selected inputs of the previous two days are used.

3 Case Study: Forecasting the Load
of the Power System of Crete

In this paper, it is examined the case of the largest greek island of
Crete, where the installed generating capacity is 546 MW, while
the annual load peak is in the order of 300 MW.

Hourly load timeseries of the year 1987 have been used. The
minimum and maximum load in that year was 39.4 MW and
173.4 MW respectively. The daily load curves present, general-
ly two peaks; one between 11:00 and 12:00 o’clock and another
one between 18:00 and 20:00 o’clock. The minimum load valies
appear generally between 06:00 and 08:00 o’clock and between
15:00 and 17:00 o’clock. From the grafic representation of the
annual timeseries, it is casy to remark the weekly and senson-
al periodicities, the dominating weather effects and finally the
important effects of special days.

The RHONN that was used was of the form (7), (8); the
hight-order connections that were used was up to fourth order,
i.e. all the terins of the form S{w;), S{u:)S(v;), S(u:)S(a;)S(ur),
S(26:)S ()5 (115 ) S (1ee) for all 4, 7, k, £ were included in the RHON-
N model. The input vector was as described in subsection 2.1.

The training of the RITONN was as follows: initially a large
learning rate 7 was selected (in particular 4 = 2.0) and the
RHONN was trained using all the available load data. Then,
we decreased a little bit the learning rate and we retrained the
RHONN; the initial values of the weights wy that were used in
the second training phase, was that of the end of the first training
phase. After the end of the second training phase we used the
resulted weights and retrained the RHONN with a lower learning
rate. This procedure lasted five training phases. After the fifth
training phase, a sixth phase was initiated; the learning rate in
this phase was very small (5 = 0.0001). This was dene in order
to investigate the learning capabilities of the RHONN model;
a small learning rate means that the weights are not rapidly
changed, and therefore, the provious training is not “forgetted™.

The average prediction error that was observed during the
Gth phase was 0.68 %, while the average of the daily maximum
prediction error was equal to 0.98 %.

Results from testing the forecasting madel for seven days (1st
to Tth January 1987) are presented in Figure 1, It is remarked
that the load patterns of these seven days are different since two
holidays (Thursday 1st is New Year’s Day and Tuesday Gth is
a religious holiday) and one weekend (3rd-4th of January) are
included among them.

Detailed results for the 24 one-hour ahead forecasts of the 1st
of January as well as the actual load data of this day and the
corresponding percentage forecast error are presented in Table 1.

Hour Actual Forecasted | Error
load (MW) | load (MW) | (%)
1 95.4 95.5 -0.162
2 81.9 82.0 -0,182
3 T1.7 71.8 -0.198
4 59.8 50.9 -(.193
5 54.9 55.0 -0.232
G 51.2 51.3 -0.205
7 51.5 51.6 -0.264
8 50.7 50.8 -0.217
] b4.1 54.2 -0.204
10 65.3 65.1 0.229
11 91.9 02.2 -0.322
12 109.4 109.6 0.241
13 109.9 110.3 -0.348
14 88.9 89.1 0.253
15 73.06 73.9 -0.372
16 70.5 70.7 -0.266
17 72.1 72.4 -0.393
18 89.1 §9.3 0.278
19 101.8 102.2 -0.412
20 102.1 102.4 -0.291
21 98.3 98,7 -0.430
22 93.2 93.5 -0.304
23 89.2 89.6 -0.444
24 84.1 84.4 -0.317

Table 1: One-hour ahead load forecasting results for 1st January
1087.

In Figure 2 we present the results of forecasting two consec-
utive days - 13th and 14th of January 1987 - with different load
patterns, The 13th of January has an ordinary day load pat-
tern, while the 14th can be characterized as a special day since
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Figure-1: Comparison of actual and one-hour ahead forccasted

loads for 1st to 7th January 1987.

Hour Actual Forecasted | Error
load (MW) | load (MW) | (%)
i 80.0 79.9 0.091
2 65.0 65.7 -1.093
3 56.0 55.9 0.087
4 52.0 52.5 -1.055
5 49.0 18,9 0.083
6 52.0 52.5 “1.016
7 60.0 59.9 0.030
3 30.0 80.8 -1.055
9 98.0 97.9 | 0.076
10 1040 105.1 -1.011
1L 107.0 106.9 0.073
12 107.0 108.0 -0.965
13 107.0 106.9 0.060
14 102.0 1029 -0.919
15 950 94.9 0.066
16 90.0 90.8 -0.872
TiT 92.0 01.9 0.063
18 104.0 1049 0,835
10 107.5 106.9 0.06
20 107.0 1081 -1.065
21 107.0 106.9 0.056
22 107.0 108.1 -1.001
23 102.0 10i.9 0.053
21 90.0 90.8 20,936

Table 2: One-hour alicad load forecasting results for 14th Jan-
uary 1987.
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Figure 2: Comparison of actual and one-hour ahead forccasted
loads for 13th and 14th January 1087,

an important change from the ordinary load pattern appears.
The analytical one-hour ahead forecasting results for the 14th of
January are provided in Table 2.

Finally, the values of the average and the maximum absolute
percentage errors for each one of the first 15 days of 1987 are
given in Table 3. The average values range from 0.285 % to
0.761 %, while the maximum error values range from 0.444 % to
1.242 % respectively.

Day | Mean absolute | Maximum abs.
error (%) error (%)

1 0.285 0.444
2 0.438 0.486
3 0.443 0.671
4| 0456 0.588
5 0.601 0.983
6 0.679 0.733
7 0.761 0.923
8 0.707 0.983
9 0.684 1.081
10 0.662 1.097
11 0.674 1.242
12 0.649 1.142
13 0.611 1.228
14 0.528 1.093
15 0.1403 (.948

Table 3: One-hour ahead load forecasting resulis for 1st to 15th
January 1987.

4 Conclusions

In this paper, a new model for short-term load forecasting
is presented and tested with electric utility historical load da-
ta. The proposed model is based on recurrent high-order neural
networks (RIHHONN) whicly, due to their dynamic and nonlinear
nature, are able to approximate accurately dynamical processes
like the power system load evolution.

The RIIONN forecasting model is robust, adaptive to chang-
ing load conditions, while its data and computational require-
ments are minimal.

The case study of the power system of the island of Crete has
been examined. Iuitially, tilneseries of actual load data liave been
utilised for the neural network training. Then, one-hour ahead



foreeasts have been performed and compared with the actual
hourly load data of one year. The average error of the entire year
hourly forecasts was 0.68 %, while the average of the maximum
daily errors was equal to 0.98 %.

These results as well as the good performance of the model
in forecasting both the load of ordinary and special days prove
that recurrent high-order neural networks can be a very eflicient
tool for power system load forecasting,
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