Introduction

1.1 Reasons behind this Thesis

On the 13™ September 1998, the UK electricity industry entered its final stage of de-
regulation by allowing domestic customers from four selected regions a free choice of
supplier. If everything goes to plan then eventually every customer in the country will be
able to buy electricity from any supplier, regardless of geographical location. It is envis-
aged that the increased competition between suppliers will lead to improved products

and services being offered and a more efficient electricity industry.

Electricity ‘products are basically tariffs, contractual arrangements that set the price
paid by the customer to the supplier. The actua price that suppliers pay generators

varies half-hourly as determined by the market forces of supply and demand. This



wholesale trading of electricity is supervised by the Pool, which sets the half-hourly
prices for the day ahead.

In conventional free markets, the price consumers pay will reflect the production cost of
the commodity involved. In the electricity market this is known as real-time or spot
pricing [1,2,3,4}, where the amount charged varies half-hourly in line with the ‘pool’
price. As the cost of sophisticated metering equipment continues to fal, the prospects

are ever increasing that real-time pricing will become a viable domestic tariff.

With real-time pricing, customer savings will be made by switching load to the cheaper
periods of the day. For certain time dependent usage such as cooking, lighting and tele-
vision, thisis impractical, whereas for domestic chores such as washing and vacuuming

it is more of an inconvenience.

Therma storage devices such as hot water tanks and storage radiators are an un-
intrusive method of utilising cheap rate electricity, which can be stored for use at a later
time. Such appliances already exist for time-of-use (ToU) tariffs such as Economy 7

(E7), where areduced unit priceis offered for 7 hours during the night.

These off-peak ToU tariffs were introduced as pre-privatisation attempts at trying to
level the demand and thus increasing the load factor. They are not satisfactory for sev-
eral reasons; from the suppliers’ point of view they have created a surge in demand at
midnight as all the appliances are automatically activated. This causes several problems
that the tariff was supposed to alleviate, not least of which is the subsequent Pool price
increase resulting from the increased demand. For consumers, off-peak electric storage
heating is expensive and does not always provide satisfactory thermal comfort require-
ments. This is because there is generally at least a 9-hour gap between the end of the

charging period at 7 am. and the time when the warmth is required in the evening.

As aresult of their limitations, storage radiators tend to be found in places where the
low maintenance levels are an advantage or heat is required throughout the day, such as
rented and sheltered accommodation. The storage radiator market is not expanding with

most sales to existing users who require replacement units.



Storage radiators are potentialy an excellent method of shifting load and utilising cheap
rate electricity. The problem that they have is their inflexible control caused by the ToU
tariffs within which they operate. Under real-time pricing the control would have to be
more flexible, decisions being made on a daily basis when to charge the core. An auto-
matic controller is required that can determine a charging schedule that will provide the
required thermal comfort at the cheapest cost. The work in this thesisis an investigation

of apotentia solution to this control and optimisation problem.

1.2 Nature of the Work

If the price and thermal requirements are known for the day ahead, determining a
charging strategy over this horizon is an optimisation problem in deciding when to
switch the heaters on and off. To evaluate the suitability of each potential solution, a
therma model is required that will mimic the system behaviour to predict the outcome

of various strategies.

For hot water tanks, creating a mathematical model of their thermal behaviour is a sim-
ple procedure. To produce a controller, al that would be required is an efficient
optimisation method and a means of receiving information on future price and demand
requirements. It would be relatively easy to produce an off the shelf controller as tanks

are mass-produced and will therefore al have the same thermal characteristics.

For storage radiators the optimisation is not so simple, as there is no ready thermal
model of the room from which to evaluate the potential charging strategies. What is
required is an ‘intelligent’ controller that can learn the thermal response of the actua
room that the heater is in. Once this model is created it can be used for predictive con-
trol of the room temperature, with a charging strategy being determined that satisfies the

required temperature profile whilst also attempting to minimise costs.

An artificial neura network isamodelling tool that can learn relationships between data

without the need for any pre-defined model form. All that is required are previous ex-



amples of the past performance. An evaluation of the potential for using neural networks

for model predictive control of storage radiators is the ultimate goal of this research.

1.3 Chapter Contents

Chapter 2 introduces a particular type of neural network, the feedforward multi-layer
perceptron (MLP). Neural modelling is a relatively new development and there are few
(if any) reference sources' that clearly illustrate all the issues involved in creating a good
model, one reason being that their internal operation is generally poorly understood. For
successful employment of neural networks and to avoid the many pitfalls, it is essential
that they are used with care. Chapter 2 illustrates with examples how a MLP processes

information and highlights some of the issues to be aware of.

In chapter 3 a MLP is used as a tool to help understand the factors that influence elec-
tricity consumption patterns for alarge region. The purpose of this work was to become
familiar with the capabilities of MLPs using real data, as the limitations of simulated
data soon became evident. Factors that affect the total daily load over an eight-year
period are initialy investigated. This is achieved by improving the model by investigat-
ing the evidence supplied by the errors. Once a satisfactory model is created the neural
‘black box’ is opened to determine how the datais being processed. By weight pruning,
the model is simplified, meaningful information extracted and a simple set of rules
created that describe the load behaviour. The model is then used as a one-day ahead
predictor with subsequent analysis to highlight how improvements could be made.
Finally, a single model is created and analysed for the half-hourly load over a one-year

period.

In the storage heater controller, the neural model will be used as a basis for determining
the suitability of potential heating strategies. Methods of searching for an optimum
strategy are investigated in chapter 4. A genetic algorithm (GA) is a technique that has

gained recent popularity as a robust optimisation tool. In chapter 4 an empirical investi-

! See Appendix C for information sources that the author found particularly useful.



gation lead to the conclusion that they lack the ability to efficiently search out a global
minimum and are not suitable as an optimisation method for the controller. A similar

technique, random mutation hill climbing (RMHC), consistently outperformed GAs.

In chapter 5, smulated optimisation of a domestic hot water tank is performed. Data
was available from a monitoring project that logged every water outlet in 100 houses
every haf-hour over one year. From this data, half-hourly hot water demand profiles
were created. A mathematical model of a hot water tank and half-hourly ‘pool’ prices
were used as a basis for optimising a daily charging schedule. The results were com-
pared with existing available charging profiles over which significant monetary savings

of the order of 20-50% were made.

In chapter 6 a simulation of a heating controller is performed for a room with a storage
radiator and a direct acting heater. The results show that a neural network was able to
learn the thermal response of the room for half-an-hour ahead and use this for model
predictive control 24 hours ahead. Comparisons with other available tariffs show the

neural controller isfar superior in maintaining thermal comfort levels.

Chapter 7 gives the results of the first prototype controller in a real room where the
storage heater set points are determined every 15 minutes for 5 hours ahead. The results

are very encouraging and show the concept can work inreal life.

Chapter 8 is a short discussion of the experiences gained throughout this research pro-
gram, offering personal insights and thoughts on how industry can make the most of

neura networks.

All the software used in the simulation work was programmed in Fortran 90 with the
appendices containing edited versions of some of the code used. The code is included
for reference purposes with the hope that it will be of benefit to those wishing to inves-

tigate neural networks and GAs.




1.4 Contribution of this Thesis

1)

2)

3)

4)

5)

6)

7)

8)

9)

It is shown how a non-stationary process can be modelled by neural networks
without first having to adjust the data. This method is used to extract the growth

in base load.

It is shown how neural network pruning can be used to decompose the load into

components relating to specific factors.

It is shown how a neural network can be used to formulate a simple rule based

system for load forecasting.

A single neura network model for all half-hours of the year is created. No evi-
dence has been found that this has been previously attempted.

Evidence of the gradual switching off of off-peak electric heating throughout
April isidentified.

Extensive empirica tests highlight how the mutation probability is critical for
efficient GA performance in global optimisation. It is shown to be more impor-

tant than crossover.

A variation of the random mutation hill climbing optimisation algorithm is intro-
duced. Thisis termed multiple random mutation hill climbing and is more likely

to escape from local minima during the search.

Using actual consumption data it was shown how cost savings of typically 40%

could be made by optimising water heating based on real time pricing of electric-
ity.

For the first reported time, a domestic electric storage heater was successfully

operated under neural network control.



1.5 Publications from this Thesis

Work from chapter 3 has resulted in two conference papers,

P.D. Brierley and W.J. Batty, “Electric Load Modelling with Neural Networks: an In-
sight into the Black Box,” Proceedings of the 1997 International Conference on Neural
Information Processing and Intelligent Information Systems, Dunedin, November 1997,
vol. 2, pp. 1326-1329. ISBN 981-3083-63-8.

P.D. Brierley and W.J. Batty, “Neural Data Mining and Modelling for Electric Load
Prediction,” in Engineering Benefits from Neural Networks, Proceedings of the fourth
International Conference on Engineering Applications of Neural Networks, Gibraltar,
June 1998, pp. 237-244. ISBN 951-97868-0-5.

Work from chapters 2 and 3 has been accepted for inclusion as a chapter of an edited
book,

P.D. Brierley and W.J. Batty, “Data Mining with Neural Networks - an applied example
in understanding electricity consumption patterns’ - appearing as Chapter 12 in ‘ Knowl-
edge discovery and data mining: theory and practice’, edited by Professor Max Bramer,
|EE publication, 1999.

Work based on chapter 5 has been accepted for publication in the journal Electrical
Power Systems Research: “Genetic optimisation of domestic hot water supply based on

real time pricing of electricity”.

It isintended to submit further journal papers based on work from chapters 6 and 7.



1.6 Outcomes from this Thesis

As a direct result of the knowledge and experienced gained during this Engineering
Doctorate research program, the author jointly formed NeuSolutions, which was incor-

porated as a limited company on 27th April 1999.

NeuSol ut1 ons
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34 Pontamman Road
Ammanford

Carmarthenshire

Wales

SA18 2HX

Tel: 01269 592612
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Feedforward Neural Networks

2.1 What are Neural Networks?

In practica terms, artificia neural networks are essentialy very ssmple computer pro-
grams that can automatically find non-linear relationships/patterns in data without any
pre-defined model form or domain knowledge. They are definitely not, as many people
new to the subject quite often assume, complex mathematical systems requiring a super
computer to operate. Several types of neural networks exist, of which the most popular
is the feedforward multi-layer perceptron (MLP) and the only type used in this research.
Fig 2-1 (on page 11) shows the structure of atypica MLP.

MLPs consist of an input layer, one or more hidden layers and an output layer. Data is
fed into the input layer and transformed by weights and neurons as it flows through the

network. The network output is the resultant transformation that forms the relationship
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between the inputs (independent variables) and the output (dependent variable). In a
feedforward network there are only weight connections in the forward direction. Net-
works with neurons who's outputs can feedback into themselves or other neurons in the
same or previous layers are known as recurrent neural networks. Fully connected means
all possible weight connections are present so strictly speaking there could be direct

connections between the inputs and the output neuron.

MLPs are trained to find a relationship by presenting the network with historical values
of inputs and outputs. Training is the search for a set of weights that best match the
inputs onto the output for the examples (training patterns) in the historical database.
Training the network is thus an optimisation problem where the optimal solution lies

somewhere in weight space.

There are numerous methods by which this optimisation can be performed, such as
random walks [5] or genetic searches [6,7], but the most popular are based on gradient
descent techniques of which there are numerous variations that have evolved from the

original back propagation algorithm or generalised delta rule (see appendix A).

2.2 Why use Neural Networks?

The most common application is to train a neura network on historical data and then
use this model to predict the outcome for new combinations of inputs. The hope is that
the network has extracted a general relationship that holds for all combinations of in-
puts. There are generally two main types of problem MLPs are used to model,
classification and regression. In classification problems the output will have one of two
values, representing ‘belongs to the set’ and ‘does not belong to the set’ whereas in

regression problems the output is a continuous variable.
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2.3 How do Neural Networks Process Information?

Fig 2-2 (on page 11) shows a neural network with one input (x), one hidden layer con-
taining two neurons and one neuron in the output layer. An extra input known as a bias
is created and has a constant value, which is 1 in this case. The bias has weight connec-
tions to al hidden neurons and there can also be a bias weight connection to the output
neuron. Each input is connected to each hidden neuron by an associated weight. Each
hidden neuron sums al the weighted inputs (the input multiplied by the connecting
weight value, i.e. XA + 1B) that feed into the neuron and passes this value through an
‘activation’ or ‘squashing’ function. The result is then multiplied by another associated
weight © and the network output is again the summation of all weighted inputs passed

through the output neuron activation function.

Any function can act as the activation function but for gradient descent learning it must
be continuously differentiable. Two popular sigmoidal shaped activation functions are

the logistic and the hyperbolic tangent (tanh) as shown in Fig 2-3.

The non-linearity of these sigmoidal activation functions is what enables neural net-
works to solve non-linear problems. Fig 2-3 shows how they ‘squash’ the output
between limits (0,1 logistic and —1,1 tanh). This is commonly used as an output activa-

tion function for classification problems as it acts as a decision boundary where a

1.0t logistic

0.5t

f(X) 0.0¢

Fig 2-3 Common activation functions
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continuous valued input is classified as 0 or 1 (in the case of the logistic) with a region
of doubt for any value in between. Because of this, the required output of the network
must be appropriately scaled to lie within the limits of the associated output activation

function.

For regression problems, the output activation is often the ‘identity’ or ‘linear’ function
(Fig 2-3), as there is no real gain in the output non-linearity because any further trans-
formation could be achieved in previous layers. It can be seen how the sigmoidal
functions have near linear regions, which enables them to be used to approximate linear
problems. A network with no hidden layer and a linear output activation function be-

comes alinear regression model.

The output of the network in Fig 2-2 (on page 11), which has tanh and linear activation

functionsin the hidden and output layers respectively, is,

Network output = f1(x) + f2(x)

where,

fi(x) = Ctanh(xA+B)

and weights A, B and C that provide a good solution must be found for each neuron.

Fig 2-4 (on page 14) shows how a linear input can easily be transformed into a non-
linear output by mapping it onto sections of the tanh activation function. The importance

of the bias input acting as a shift operator becomes evident.
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Fig 2-4 How two neurons can transforma linear input into a complex non-linear output
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2.4 Things to be aware of....

2.4.1 Over-fitting and Generalisation

Given enough hidden neurons a neural network can map any function but there is the
danger that the network has just learned to ‘memorise’ the data. Fig 2-5 shows 5 points
that can be perfectly mapped by a neural network which it could be assumed has learned
the relationship. This is not the case though, as is demonstrated when more data is
shown and a noisy linear relationship becomes evident. Thisis what is known as ‘over-
fitting' the training data [8]and the generalisation properties of the network become
unreliable.

To create a model with good generalisation properties the training data needs to be
plentiful and the number of hidden neurons should be restricted. Training with sparse
data and adding hidden neurons until there is no error can give a mistaken sense of

achievement.

4 3 2 1 0 1 2 3 4
X

Fig 2-5 An apparently perfect model with poor generalisation properties. A neural
curve can be fitted through the five larger squares but this relationship
does not generalise for the remainder of the data.
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2.4.2 Extrapolation

Neural networks do not give an exact physical model but learn to represent the relation-
ship in terms of the activation functions of the neurons. Neural network models cannot
extrapolate with any usefulness outside the domain of experience of the training data
[9]. Thisis not a flaw specific to neural models, as any model that is not based on first

principles cannot extrapolate with confidence into the unknown.

Fig 2-6 demonstrates this for the function y=2x*-1. Within the training range two hidden
neurons can accurately mimic this polynomial but outside this range the neura repre-

sentation does not hold.

The manner with which sigmoidal neurons become saturated outside their training range
has potential for stable neuro-control applications. Fig 2-6 also demonstrates the power

of neural networks for mapping polynomial functions.

12
10} y=2x2-1

8 / y=A*[tanh(B+Cx)

Y 6! +tanh(B-Cx)]+D
4t
2F _training range
N f
O neuron2 neuron 1 1
Py
-2 -1 0 1 2

Fig 2-6 Neural networks cannot extrapolate
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2.4.3 The Function being Minimised

Training a network involves the search for a set of weights that provides a good fit to the
data, but what is a good solution? In order to gauge the ‘fitness' of each potential solu-
tion some quantitative measure of the error must be made. The most common procedure
is to search for the weight set that gives the minimum total squared errors [10,11] (or
RMS error) over al the training cases, where the error is the difference between the
network output and the required output. Other possibilities are the minimum total abso-
lute error [12] (MAE or L1 norm) or the minimum total square root of the absolute error.
Specificaly,

S

Z (Act, - Pred,)? | Act, — Pred, |

RMSE =1/-= MAE =
n n

1
)

where n is the number of training cases, Act is the actual value and Pred is the model

value.

The choice made depends on the purpose of the model. Fig 2-7 (on page 18) demon-
strates this for a neural network with one hidden layer neuron. Minimising the RMS
error drives the solution towards what may be three outliers and the fina solution is
neither here nor there. By minimising the absolute error there is less importance given to

these three cases and they become easily identifiable.

A third option would be to define an acceptable error tolerance and the ‘fittest’” solution
would be that which models the most training cases within this tolerance. Thelinein Fig
2-7 passing close to al but three of the points would be the optimal solution in this case,

given asmall error tolerance.
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Fig 2-7 Defining the network fitness function

For data mining problems the purpose should be to identify those cases that stand out
from the rest with the objective of trying to understand why thisis so and hence learning
about the data. It can thus be seen how the choice of fitness function can effect the
nature of thistask.

2.4.4 Local Minima

An analogy to training a neural network (searching for the best weight set) is a kangaroo
jumping around a mountain range [13]. The kangaroo is searching for the lowest point
in the range and does so by jumping around to see if the place he lands in is lower than
the place he started from. If he cannot jJump very far then he might get stuck in the bot-
tom of alocal valley when alower point actually exists in the next valley. This is what
is known as alocal minimum solution but in order to find the global minimum he needs

the power to jump over the ridge between the two valleys and land at a lower point.

Training a neural network is a similar search procedure and most training algorithms do
not guarantee the global solution. Fig 2-8 @) shows a neural network trapped in a local

minimum. The required Xy mapping is possible with four hidden neurons but the
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weights are such that small weight changes result in the overal ‘fitness' function error
increasing. Fig 2-8 b) shows the global solution that is possible but unlikely to develop
from the situation in Fig 2-8 a).

2 L
network output ~,
Y O ”® 9 9 » 9 9 % 9 9
-1
neural contributions
-1 -0.5 0 0.5 1
X

a) local minimum

network

output

Y 0 |
|  neural
1 i3 . contributions |
1 0.5 0 0.5 1

b) global minimum

Fig 2-8 Training algorithms can become trapped in sub-optimal solutions
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2.4.5 Data Encoding

The ability of a neural network to extract relationships in data depends on how the data
is encoded to represent the values or features of the inputs. The neural network is only
as good as the information it is given and failure to perform satisfactorily is often not
that of the neural network but that of the modeller in understanding how networks proc-
ess the input data. Consider Fig 2-2 where a network with one hidden neuron is used to
model the triangular xy mapping over the range x=0,360. Trying to map x directly onto
y (linear encoding) with one hidden neuron is clearly impossible and would require at
least two hidden neurons to get close. If the single input is encoded into two inputs that
are the sine and cosine of x (in degrees) then a better result can be obtained but still only
using one hidden neuron. These two encoding schemes will aso give different extrapo-
lation results outside the 0-360 range. The linear encoding will give constant values as
the input will map onto the ‘saturated’ flat parts of the activation function. The sine,
cosine encoding scheme will result in repetitions of the output as x increases in steps of
360.

16 required — >

!

linear

0 180 360

Fig 2-9 Input encoding schemes giving different results for a single hidden neuron
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2.5 Chapter Summary

This brief introduction on MLPs has attempted to bring together and explain some of the
most important aspects in neural network modelling. It has been outlined what a MLP

is, what it can do, how it does it and what to be aware of.

Most of the points made become very obvious once it is understood how a MLP oper-
ates, an understanding which is required if the most is to be made of a neural network
project. Successful use of neural networks is as much an art as a science with the art

being in ensuring the MLP is given the best conditions for it to succeed.

It is a common misconception that because neural networks are often referred to as
‘artificial intelligence’ that they are some sort of sophisticated mathematical tool. In
reality thisis not the case, they are merely another modelling technique that are elegant

in their simplicity.

Chapter 3 isaworked example of how a MLP was used to look at areal problem.



Electric Load Modelling

3.1 The Data being Modelled

The purpose of this investigation is to understand what factors influence the e ectricity
consumption of aregion of the UK in order to create a robust model. Fig 3-1 to 3-3 (on
page 23) show the data in question for the total daily load (throughout this work *load’
refers to the total amount of energy consumed in a given period). Fig 3-4 (on page 24)

shows typical half-hourly profiles for aweek in summer and winter.

22
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Fig 3-2 Total daily load over a one year period
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Fig 3-4 Half hourly profiles for summer and winter

Fig 3-1 shows that there is an annual cycle that peaks in the colder winters with the load
in the warmer summers being ailmost half of this peak value. Fig 3-2 shows that there is
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also a weekly cycle with abnormal activity at Christmas. Fig 3-3 highlights this weekly
cycle clearly showing that there is a reduced load demand at weekends. The difference
between summer and winter half-hourly profiles is seen in Fig 3-4. In winter there is a
large peak after midnight caused by an off-peak tariff that exisis for electric storage
heating, this peak being absent in summer. There is also a large evening peak in the
winter whereas in the summer there are two smaller distinct evening peaks. The two
summer peaks coincide with people returning from work (cooking) and dusk (when
lights will be switched on). In the winter as the number of daylight hours reduces these
two periods coincide to create one peak which is probably amplified through heating

requirements.

Electricity consumption is a dynamic process depending on numerous independent and
inter-related factors and a challenge for any modelling technique. Consumption patterns
vary depending on the location as is shown in [14] where summer and winter weekly

profiles are shown for severa countries.

3.2 Why Forecast Electricity Demand?

In the long term, future trends in electricity consumption need to be forecast so that an
energy policy can be formulated to ensure there will be enough generation plant avail-
able in the future to meet the projected requirement. In the medium term demand needs
to be known so that required resources such as coal can be stockpiled. Short term load
forecasting involves predicting electricity consumption hours to days ahead and is re-
quired to ensure an adequate electricity supply that is generated in an economical
manner. The nature of load profiles (Fig 3-4, on page 24) means that certain plant may
only be required to generate electricity periodically throughout the day so the prediction
IS required to formulate an operating schedule. The total cost of generation, and hence
price, includes start up and shut down costs, which vary depending on the nature of the
plant. For example, it is expensive to shut down nuclear reactors so their most economic
operation is continuous generation. Coal powered steam turbines require severa hours

for preheating the boilers, so once fired they will want to operate for extended periods.
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Hydro-€electric generators on the other hand can be fully operational in about 3 seconds,

afeature that allows them to command a high price under certain conditions.

In England and Wales the wholesale trading of electricity is centrally controlled by the
electricity Pool (see [15] for a detailed description of the UK electricity supply indus-
try). On a daily basis generators bid in prices a which they are willing to supply
electricity for each half-hour of the next day. In order to minimise costs, an optimised
unit commitment schedule [16] is calculated based on forecast demand and the bid
prices. The bids are stacked starting with the cheapest until the forecast demand is met
and the actual traded price for all generators to distributors is based on this marginal bid
price. Thus, in theory, nuclear plant are likely to bid a minima amount to ensure that
they are selected to supply for al hours, but the actual amount they receive will be based
on the system margina price. The forecast is generally required at least 24 hours in

advance so that generators can be informed of their required schedule.

In the shorter term, forecasts seconds to minutes ahead are required to keep the fre-
quency stable. This is particularly important during television commercial breaks when
the switching on of kettles causes surges which have to be balanced by plant with fast

reaction times.

With deregulation of the electricity industry, forecasting consumption is becoming more
important at the utility level due to the complex nature of electricity trading. Reports on
the potential energy savings that could be made by increasing the accuracy of the fore-
casts are limited [17,18,19,20].
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3.3 Previous Work

It was noted [21] that the volume of published papers in electric load forecasting is
cyclical, with initial great interest gradually declining. Checking the dates from a recent
review paper [14] would indicate that the current cycle peaked around 1993. Thereis no
doubt that this current wave of interest is due to load forecasting being developed as
another application area for the pattern matching abilities of neural networks. The work
appears to have been initiated in 1990 [22,23] and commercial load forecasting software
isnow available and operational [24,25].

Early paperslaid the groundwork and more recent papers tend to report on the results of
various modifications. The models usually group input data by individual day types or
weekdays and weekends [26,27,28,29,30] and divide data into seasons [28,31] or shorter
periods. Holidays are often assumed to resemble weekends [27,32] or the data is ad-
justed [33,34] or removed [26]. In the literature growth is seldom mentioned
[34,35,36,37,38,39] as the time period being investigated is often deemed too short for it
to make any difference to the model. The common approach is to adjust the data to
eliminate its effect, often by some assumed linear growth rate. The reasons stated for
such decisions are frequently based on prior knowledge about the load profiles and

probably due to experience of linear modelling techniques.

Such assumptions based on human judgement are underestimating the capabilities of
neural networks to indicate themselves how data should be modelled. Dividing up the
data set reduces the amount of training information and inhibits a genera analysis of
long term trends. By including as inputs the relevant information why the data sets are
different it is possible to create one model for al the data, this single model being easier
to analyse and improve. There has been little reported work on improving and hence

learning about systems by visualisation of trends in the model performance [40j.

Many published papers show excellent results from systems tailored to individual re-
guirements and generally satisfy the needs of the users in the sense that they are at least

as good as previous non-linear models. It is hard to see how future improvements will
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emerge if the technique is viewed as a black box that cannot explain how it did or did

not arrive at a good solution.

In this work the approach is to use the neural network as a data-mining tool to try and
discover exactly what influences the load profile. This is achieved by examining net-
work errors and finding reasons why they are such. In section 3.5 the total daily load is
examined over an eight year period to learn about general trends. Section 3.6 demon-
strates problems with over-fitting and generalisation that can occur with an example
from this real data. In section 3.7 the network is examined to discover just how the data
is processed and a small set of rules is extracted that gives a reasonable model of the
load over these eight years. Section 3.8 gives the results of a network used as a one day
ahead predictor and compares errors to determine where improvements can be made. In
section 3.9 the half-hourly load is examined over an eleven month period. Section 3.10

shows how improvements can be made by using populations of models.

3.4 Network Used

A feed forward multi-layer perceptron trained by standard back propagation was used
for the analysis. Details are given in the appendices. The fitness measure being evalu-
ated was the minimum RMS error over all the training examples but it would have been
a simple task to use any other error measure. Network performance is reported as the
mean absolute percentage error (MAPE) as it is frequently used in similar work, al-
though this was not the fitness function being minimised by the network training
algorithm. The MAPE is only used as a yardstick to gauge model improvement and
should never be used as a means of comparing various techniques on different data sets.
For example, if a constant load was added to al the data (for instance if afactory with a
constant demand was commissioned) then this would give the same model apart from
the required constant term but the MAPE would be reduced. Different methods of re-

porting errors and comments are given in [14,21,41,42}.
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3.5 Total Daily Load Model

Fig 3-1 (on page 23) shows the data being investigated, the total daily load over eight
years (1986-1993) for a region with approximately 10% of the total UK demand. The
load for each day will be the output of the MLP (the dependent variable) and the inputs
are what are required to be found. Thus the data-mining problem is to establish what the
factors are that determine the electric load.

Fig 3-3 (on page 24) shows that there appears to be aweekly pattern so thisis the initial
clue used. There are two commonly used methods of encoding what day of the week it
is. Seven inputs could be created with the day in question having avalue of ‘1’ and the
remaining six days having a value of ‘0’, a system known as ‘flagging’. Alternatively
the day could be transformed into an angle (in steps of 2177) and the sine and cosine of
this angle applied as two inputs [43]. This second scheme was chosen, the consequences

of which will become apparent later.

All 2,922 examples of the day/load relationship were used to train the neural network,
the errors for which are shown in Fig 3-5 (on page 33). In Fig 3-5 to 3-14 the y-axisis
the daily error in GWh and the caption identifies the added input and MAPE achieved.

An annua cyclein the errors is clearly evident from Fig 3-5, with overestimates in the
summer and underestimates in the winter. Weather patterns follow an annual cycle so
the average daily temperature was included as the second input, the errors for this net-

work being shown in Fig 3-6.

Including the average temperature significantly reduced the error but an annual cycleis
still evident. The length of daylight is another factor that varies seasonally which would
affect electricity demand due to lighting requirements. In the UK during the summer
month of June sunset is around 8.30 p.m. whereas in December it is at 4 p.m. As light
levels were not available a continuous term was required as an input that had an annual
cycle. A ssimple number (1-365) is not sufficient for this as it places adjacent days (31st

Dec., 1st Jan.) at opposite extremes. Taking the sine and cosine of the day of the year
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angle produces the required cyclical seasonal term. Fig 3-7 shows how this has extracted

the seasonal variation.

What is evident now are bank holiday Mondays and Good Friday. There are generally
six bank holidays each year which are public holidays, as is Good Friday. A flag was
created for these days, excluding those in the Christmas period, which is evidently a

more complex time and dealt with separately.

Fig 3-8 shows the errors when aflag to indicate the bank holiday is included as an input
and a slow trend over the eight year period becomes clearer. This can be explained by
growth for which a linearly increasing term (1-2,922) was included to represent this

feature.

Fig 3-9 and 3-10 highlight the effect of the number of hidden neurons. In all previous
cases and that of Fig 3-S only 5 hidden neurons were used. Fig 3-10 has the same inputs
as Fig 3-9 but with 10 hidden neurons. The overall error is significantly reduced but it is
clear that this reduction is due to efforts by the extra neurons to improve the Christmas
errors. This is a consequence of minimising the RMS error where outliers are given
more significance. From a data mining approach the network with only 5 hidden neu-

ronsis more informative.

In order to further examine the Christmas effect the errors were averaged over the eight
years on a date basis, as shown in Fig 3-15 (on page 35). With 5 hidden neurons it can
be seen how the Christmas error is reduced by lowering the whole period from mid
November to early February by manipulating the seasonal inputs to show a reduced load
over this period. With 10 hidden neurons there is more resolution available and the
Christmas error can be significantly lowered with less interference in the adjoining days.
The Christmas period is obviously special but training with this data without any inputs
to represent the feature causes distortion of the network. The third case shown in Fig
3-15 used 20 hidden neurons but only trained on patterns where the initial error was
below the overall RMS error. Even with more hidden neurons there is little distortion
and the residuals are clearly identified because they are never allowed to affect the

training of the network. With this technique al patterns should first of all be presented
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for training before selective training begins to give them the opportunity to ‘ stake their

clam'.

The errors over the Christmas period were significant from the 22nd December to 4th
January with peaks on the 26th December and the 1st January. Inputs were created for
these dates where the magnitude of the input was related to the magnitude of the average
error. These inputs can be considered to be the ‘degree of membership’ of Christmas,
with the 26th December having a membership value of 1. The errors of the trained

network are shown in Fig 3-11 (on page 34).

Fig 3-11 shows that there is residual on the 15th January 1987, highlighted in Fig 3-16
(on page 35). Investigation showed that this error corresponded to a sudden cold front
where the average temperature dropped to -10 degrees Celsius on that day. The model
error indicates that more electricity is being consumed than would normally be ex-
pected. This could be expected, as off-peak heating systems will not anticipate the
sudden drop and ancillary heating devices will be used to make up the required balance.
Further examination revealed that other periods experiencing sudden changes in tem-
perature resulted in large model errors. A sharp drop in temperature in the middlie of
summer gave load predictions higher than actually experienced. This is because the
uncharacteristically cold weather would normally warrant a higher daily load, but people
generally react to weather as opposed to anticipating change, thus there will aways be a
time delay. Conversely, sudden hot spells resulted in underestimations and there was a
distinction between short-term gradual changes and sudden changes. The loads on very
windy days were constantly underestimated probably because the wind chill factor can
have the effect of reducing the apparent ambient temperature and buildings can become
draughty, requiring more heating. Days following windy days were also underestimated,
due again to the reactive nature of the system response. People feel the wind chill and
adjust heating systems accordingly, requiring several days to restore normality.

To account for these findings maximum, minimum and average temperature and wind
speed values were included for the day in question and the three previous days. The
error was significantly reduced by these additional inputs as shown in Fig 3-12. For the
obvious residual date now evident (October 16th 1987) it was found that:
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‘On the 16th a violent storm with heavy rain brought chaos to southern England. The
winds were probably the strongest for 250 years. Millions of trees were uprooted or
broken, many crashed into power lines....Some large areas were without electricity for
up to a fortnight.....a mean hourly wind of 72 knots was recorded just before a power

failure stopped the recorder.’

(Whittaker’s Almanac 1989)

Examining the dates giving the largest errorsin Fig 3-12 revealed certain clusters. These
are shown in Fig 3-17 (on page 36) where the errors are averaged over the eight years.
Although the exact dates are not the same every year, four clusters of consistent overes-
timates are evident. Three of these were identified as Easter bank holiday weekend,
August bank holiday weekend and the week of the bank holiday in late May (Whitsun-
tide, traditionally a school half-term holiday). The remaining anomaly was late July to

early August which is when most schools have extended summer breaks.

Flags were created for the bank holiday weekends and Whitsuntide and a rising and
falling linear term for the summer period, mimicking the nature of the error in Fig 3-17.

Fig 3-13 (on page 34) shows the result of this trained network.

A causal model has been created that describes the load as a function of known events
but there is obvioudly a limit to what information is available for a complete model of
this type. Recent loads will contain information about local eventsthat is captured in the
load value and cannot be extracted otherwise. The final model (Fig 3-14, on page 34)
shows this by also including yesterday’ s load and the load on the same day the previous
week as inputs giving a final MAPE of 1.06 over all the eight years. Caution should be
used here as generally the errors are reduced but days or weeks after certain special days

can give increased errors.
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Fig 3-18 was created from the model of Fig 3-13 (on page 34) and shows several residu-
alsthat can be easily explained. The underestimate on the 10th October could easily be a
result of the network trying to reduce the error for the storms on the 17th October, one
week later. The 2nd January ‘89 was a Tuesday but also a bank holiday. Generally New
Year's day is the bank holiday or the Monday if the 1st January falls at the weekend.
Because the 1st January was a Monday an extra day’s holiday was given. Friday 22nd
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December ‘89 and 21st December ‘90 are specia because they are the last full weekdays
before Christmas Eve. The 21st December was not included in the Christmas period but
in 1990 it was obvioudly taken as a holiday due to the fact that Christmas fell the fol-
lowing Tuesday (when else would the office party be held?). This was the only example
of Christmas falling on a Tuesday in the eight cases.

3.6 Over-fitting and Generalisation

It is important that a trained neural network has the ability to generalise and not learn
specific information in a‘ photographic memory’ type of manner. It must extract general
relationships between data rather than specific relationships relating only to explicit
data. The ability to learn specific information is known as over-fitting and can become a

problem if too many hidden neurons are used, as illustrated by Fig 2-5 (on page 15).

Fig 3-19 (on page 38) illustrates a network that can learn to fit an erroneous datum into a
model. The data is the total daily load values for a particular year of the model already
created with one value being significantly changed to represent a residual or erroneous
reading. For a perfect model all the points will lie on a straight line, the situation where
the network correctly repeats all the loads. With 3 hidden neurons the erroneous point is
easily identified as standing away from this line. When an extra neuron is added the
network can fit the spurious point on this line without much distortion to the remaining

points.

Fig 3-20 (on page 38) shows how the neura network has done this. A set of weights has
been found that activate the extra neuron for the inputs of the erroneous day. For most
other days the combination of weights and inputs are below the operational threshold of
the activation function of this extra neuron (in other words it is saturated). This neuron
Is used to provide the additional load required to account for the error. For days around
the erroneous day (day 14) this neuron is also active, inducing errors and thus poor

generalisation to days that have similar input patterns.
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Thisis an extreme example as the induced error was rather large but it demonstrates that
there is more gain in dedicating a neuron to correcting a single day than reducing the
errors for the remaining 364 days. Without careful examination extreme erroneous
readings could quite easily go unnoticed and liberally adding more hidden neurons does

not necessarily lead to a better model.
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Three networks with 3, 8 and 15 hidden neurons were trained on the same year’s data
giving MAPEs of 1.09%, 0.46% and 0.59% respectively. On this evidence the network
with eight neurons appears superior. All weather inputs in this data were then replaced
with the average days weather (the weather for each day of the year being the same) and
passed through the trained networks. Fig 3-21 shows that for certain days the two larger
networks do not give redlistic predictions. The apparently most reliable network for
generalisation being the one with three hidden neurons although it gave the largest
MAPE.

What has happened is that specific groups of neurons are only active for local featuresin
the data. This can be clearly seen for the network with 15 hidden neurons which during
learning has associated the bank holidays with the actual weather patterns in order to
give a good model fit. When the actual weather is replaced by the average weather the
neurons cannot give a general solution. With only three hidden neurons al datais proc-
essed by the same core neurons which experience the full range of values and have the
ability to generalise. Thisis an example of how the quest for a minimum error can have

its pitfalls.
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3.7 Rule Extraction

The model created in section 3.5 was arrived at by deducing reasons for the model
errors. As these reasons were identified and encoded as network inputs, improvements
were seen. The question now becomes ‘how is the neural network processing the data?
We know the inputs make sense and that a neural network is a very simple number
processing machine, so an explanation should be simple to find. Without explanations

there will be continued distrust of neura networks.

Consider the neural network in Fig 2-1 (on page 11). The network output is simply the
summation of a number of terms originating from each hidden neuron, which in turn
have formed connections of varying strength to the inputs. This basic idea makes neural
networks a powerful tool for analysing relationships in data. In its smplest form a neu-
ral network with two hidden neurons and a linear output neuron is decomposing the
output into two components, the nature of which were investigated for the causal inputs
identified (i.e. not including past |oads).

It was found that one of the neurons was acting as afilter in that it only appeared to be
processing day of the week information. This was obvious when the two components
were viewed and confirmed by inspecting the weights feeding into these two neurons,
with those weights connecting the day inputs with one of the hidden neurons being

much larger than the remaining weights.

A new network was created with three hidden neurons, one neuron with weights re-
moved or ‘pruned’ so that it only processed ‘day’ inputs with the remaining two being
fully connected. In a similar manner to before, one of the fully connected neurons acted
as afilter in that the seasonal components feeding into this neuron were dominant. This
process was continued and eventually all the inputs had been isolated and a network

similar to that in Fig 3-22 (on page 41) was created.
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3.7.1 Day of the Week

The inclusion of a single neuron dealing only with day of the week inputs gave dispro-
portionately large errors for Mondays. Examination of the output of this neuron revealed
that it was operating close to one extreme (+1) of the tanh activation function for week-
days and close to the other extreme (-1) for Sundays. The addition of a second, third and
fourth ‘dedicated’ neuron improved the overal errors and reduced the errors for Mon-

days to the same level asfor al other days.

Fig 3-23 (on page 42) shows how the final contribution for each day is the summation of
the outputs of the four hidden ‘day’ neurons. One neuron gets close to the solution but
the extra neurons are required to increase the resolution. The manner in which the day of
the week input was encoded is directly related to the number of hidden neurons re-
quired. Fortunately, the daily load requirement follows a cyclical pattern over the week,
which is suited to the sine-cosine input encoding. If, for example, Wednesday afternoon
was a public holiday, the load would drop on Wednesday and more neurons would be
required to model this effect as the continuity of the cycle would be broken. It would

appear that a better encoding scheme for general cases if a continuous weekly cycle is
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not evident would be seven inputs as described previously which would only require one

hidden neuron.

Fig 3-24 shows the first rule, the contribution to the load based solely on the day of the
week.
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Fig 3-24 Rule 1 - what day of the week isit?
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3.7.2 Time of Year

The seasonal component of the load with the summer correction included is shown in
Fig 3-25. Fig 3-26 (on page 44) shows how this was formed by the summation of four
hidden neuron outputs. The sine, cosine encoding is the only practical method of repre-

senting this cyclical term as a network input.

The variation between summer and winter is similar in magnitude to the difference
between Sunday and Thursday. The significance of the school holiday effect is aso
clearly evident. The overall nature of the curve closely resembles the patterns of sunset
and sunrise times, with the nights drawing in quickly from September to December
characterised by the steepness of the slope. From January to May the nights gradually

get lighter as the sun re-enters the northern hemisphere. Fig 3-25 is the second rule.
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Fig 3-25 Rule 2- what day of the year isit?
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3.7.3 Growth

The linear input included to represent growth is transformed by four hidden neurons as
shown in Fig 3-27 (on page 45). The nature of the curve follows the economic climate
of the time with the UK recession starting in 1991 clearly reflected by a reduction in the

demand for electricity.

A second method of calculating the growth was performed using weather correction. A
network was trained for each individual year and then the weather inputs were replaced
with the averaged eight year weather for each day. If the neural network generalises well
this gives a weather corrected load or the load that would have occurred if the weather
had been ‘average’. The weather corrected average annual daily load was then calcu-
lated for each year and assumed to occur at the median day of each year. Eight points
resulted which were then curve fitted with alinear input neural network which was used
to give avalue for each day over the eight years. This weather corrected load resembled
that of =ig 3-27.
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3.7.4 Weather Factors

By introducing a single dedicated neuron to process specific weather inputs as opposed
to grouping all weather related inputs together, it was found that the increase in error
was negligible. Furthermore, weight examination over several tests revealed consisten-
cies in weight ratios for the time lagged (previous day’s) weather inputs (Table 3-1 on
page 46). Generally the lag coefficients are as expected, the importance declining with
time. Average temperature is different with yesterday’s average temperature being
slightly more important than today’s, which is not unexpected, as today’s average is not
finalised until the end of the day when most electricity has aready been consumed.
What is surprising is that the average temperature two days ago is insignificant while

that of three days ago is relatively important.
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Table 3-1 The relative importance of past weather conditions

T (today) | T-1(yesterday) | T-2 T-3

max temp 1 0.59 043 | 0.29
min temp 1 0.19 - -

ave temp 1 1.08 - 0.63

wind speed 1 0.37 0.13 | 0.12

Because of the consistencies in weight values the data can be pre-processed to create a
single valued input for each weather variable. Fig 3-28 (on page 47) shows these factors
and the contribution to the load, where the temperature factors are in degrees and the
wind speed in knots and are calculated from the coefficients in Table 3-1. The non-
linearity of these curves illustrate the effect of the non-linear regression capabilities of

neural networks.

The gradient of the maximum and average temperature curves imply that as the weather
gets warmer, electricity consumption decreases. The minimum temperature curve gradi-
ent is opposite indicating that there is a load component that increases with increasing
temperatures. This could be the effect of the limited air conditioning or refrigeration.
The wind speed load component increases as it gets windier. Fig 3-29 (on page 47)

shows the weather components of the load over the eight years.
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3.7.5 Holidays

Six holiday neurons were created for summer, Christmas, bank holidays and the special
days around the bank holidays. No day could be a member of more than one holiday
type. Fig 3-30 and Fig 3-31 show the corrections deduced by the neural network.
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The Christmas corrections were based on observed errors from =ig 3-15 (on page 35)
but improvements could be made after the anomalous days around Christmas (Fig 3-18
on page 36) had been identified, as they will distort the average errors. This exemplifies
how adding certain information reveals more detailed information that allows refine-

ment of the initial information - acircular process.

For the Easter weekend, ‘shoulder’ days were identified from the data that indicate an
extended holiday period. This fits with observed behaviour as people take extra days as
holiday to make the most of the two public holidays. The weekend was observed to have
more of a holiday effect than the shoulder days which was reflected in the input encod-
ing. Whitsun week and weekend were all classified as the same holiday group and thus

will all haveidentical corrections.

In a fully connected network relationships with day of the week will also be formed,
which will add to the accuracy. This is an example of why this drastically pruned net-
work will not be as good as a fully connected one, as it cannot extract features involving
more than one input type. Only independent factors were used in the creation of this
model, mainly to keep things simple and graphically observable. Inter-related factors
were tested, the most important being relationships between day of the week and day of
the year, and day of the year and growth. Fig 3-32 shows the actual load and the errors
with the rule based predictions. Fig 3-33 shows the change in the cumulative error dis-
tribution caused by pruning the network.
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3.8 Model Comparisons

The fully connected model was used to give next day predictions using the previous 800
days as atraining set, with the weather for the prediction day being used retrospectively.
A training set of 800 days was used to capture at |east two years of examples for periods
such as Christmas. An initial network was trained and used to predict the load for the
next day’s previously unseen data. This data with the actual observed load was then
added to the training set with the distant most day being removed. For each prediction
the weights from the previous day’ s network were used as a starting point and 10 epochs

of training were allowed (an epoch is where all the patterns are presented once).

A network with 10 hidden neurons and inputs including yesterday’ s and last week’ s load
gave a MAPE of 1.3% over the 5.8 years of predictions. Fig 3-34 shows the errors
trandated into an equivalent continuous error throughout the day. In context 60MW
represents approximately 20 Watts per customer (not person) for the region (alight bulb
istypically 60-100 Watts). Table 3-2 (on page 52) shows the errors analysed by day type
for this prediction model, the fully connected model and the rule based model.
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Fig 3-34 Error distribution for one day ahead predictions
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Table 3-2 Model errors by day type — mean absolute error (MAE) is given asan
equivalent continuous daily error (MW)

fully connected | rule based prediction model

MAE MAE MAE MAPE
Christmas 60 144 85 2.38
bank holidays 51 86 54 2.06
summer 28 47 31 113
non special weekends 41 51 39 1.26
non specia weekdays 42 48 45 1.22

Christmas is the worst period to model but this would be expected as there is a limited
number of examples available for training. The rule based and prediction model per-
formances are relatively poor which is not unexpected as there is no information relating
the date to the day of the week for the rule based model and there are only two years of

examples for the prediction model.

Bank holidays were generally underestimated in the prediction model but the overall
MAE was comparable to the fully connected model. The period classified as summer
holidays gave the best prediction results and were again close to the fully connected

errors.

The errors for al non-special days would indicate that weekdays gave better results than
weekends if the MAPE was used as the indicator, as reported in [44]. This is not the
case though when the MAE is examined, a result that is due to the reduced weekend
load. This highlights the fact that reporting percentages, although common practice, is

really meaningless in electric load forecasting.
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This error analysis would indicate that for prediction purposes improvements would
result for the non-special days if those days identified as holidays were omitted from the
data set.

3.9 Half Hourly Model

For the half hourly model the data used ranged from 10th January to 6th December
1994, giving 15,888 load values. This range was restricted only by the size of the spread
sheet used for data pre-processing but conveniently missed the Christmas period. Hourly
valued weather data was available for temperatures and wind speeds. The missing half
hours were created by simply repeating the previous value. For descriptive purposes the
hours range from 0.5 to 24. The energy consumed between midnight and 00:30 is de-
scribed as happening in hour 0.5. Similarly hour 13 is 12:30 to 13:00.

3.9.1 Initial Input Data

Based on the previous experience the initial time inputs for this model were created to

represent:

hour of the day (sin, cos)

day of the week (sin, cos)

time of year (sin, cos)

growth (linear)

For temperatures and wind speeds the current value and moving averages [45] of the
previous 5, 24 and 48 hours were used as inputs, the time length based on intuition
rather than any scientific findings. By filtering in this way, as opposed to using time

delays, fewer inputs are required and noise is suppressed. From a common sense point



of view the load in any half hour will not depend on an exact temperature 48 hours

previous, more a general underlying temperature.

Another term that was included in the initial model indicated whether it was Greenwich
Mean Time (GMT) or British Summer Time (BST). Thisis an hour change that makes
summer evenings lighter. A flag was used to indicate to which set each data point be-

longed.

3.9.2 Results

The errors of the initial network are shown in Fig 3-35 (on page 55). The four bank
holiday Mondays along with Good Friday (April 1st) are clearly visible as being overes-
timated, meaning the load is lower than usual on these days. A flag was created as an

input to indicate bank holidays.
Overestimates occur in the period October - March,

Fig 3-38 (on page 56) showing the hours at which the largest daily overestimates occur.
It can be seen quite clearly that the model has problems with hour 24 from November -
March and hour 1 in April and May. The change occurs distinctly on 27th March, which
corresponds to the start of BST.

Fig 3-39 (on page 56) shows a typical winter day for this model and it can be seen that
hour 24 is a cardinal point [46] and thus important in load forecasts. What is happening
is that there is a sudden surge in consumption in hour 0.5 caused by a tariff that exists
which automatically switches water heating and storage radiator circuits on for seven
hours during the night. There are over 1 million customers on this tariff of which 80%
are on a fixed clock time switching mechanism explaining why there is a difference
between GMT and BST. The remaining 20% are radio tele-switch controlled.



55

600
£ 400
z
< 200
s
T
>
3
3 200 fafhe
S 400 |-
-600

Fig 3-35 Errorswith only weather and time asinputs

MAPE=2.9%

600
£ 400
=
S 200
s
T
>
3
3 -200
£ 400
B ' rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr

Jan Feb Mar Apr May Jun Jul Aug Sep Oct

Fig 3-36 Errorswith weather, time, holidays, tariffs and daylight as inputs

MAPE=1.8%

600
= 400
2
=
< 200
5 i
T
>
8 200
3 -
§ 400
-600 |

Fig 3-37 Errorswith weather, time, holidays, tariffs, daylight and previous loads as inputs

MAPE=1.4%



56

T T T T T T T T T T T
— ——
24 C.-.—. \ +~ T = . . /mun-.o\
N % L. A
22 i T oo a S wmns 000 ° ° o
20 i o o ’ o
18 | - ® e L. %% R oad oo mmamme °
> © °
8 16 SEs .
S 14t ; ..
) I : ]
<~ 8 B F oo © senoece © oo o
6 - - - ° < °
4 r S R
2 | — r e © 0“0? “0“0‘
0 | ( QI.—-I ml ¢> By
———— =

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov
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Fig 3-39 The off peak tariff is the reason why the errors occur

From Fig 3-39 it can be seen why the neural model has problems. The model inputs are
generally smooth and continuous and so are fitting a smooth continuous curve through
the data. There is a discontinuity in the load at midnight with the surge due to the off-
peak tariff. The neural model has compensated for this effect by rounding off this dis-
continuity so that a smooth curve can be fitted, resulting in the overestimates for hour

24. A similar effect is seen in Fig 2-9 (on page 2C). The opposite effect can be seen at
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hour 7 when the heating and water charging circuits are automatically switched off. A
discontinuity is aso seen at hour 3 that corresponds to a similar tariff switching on at
2:30 am. In order to model the effects on the load due to the tariffs it is necessary to
create an input that indicates the hours for which the tariffs are in operation. Flags were
created for each tariff.

Fig 3-40 shows the two largest daily overestimates on the improved model, showing that
the problems with hour 24 have been eliminated (exactly how thisis achieved is demon-
strated later). What is now evident are problems that correspond to lighting up times in
the dusk period [47].

With experience gained from how the neural model reacted to the surges due to tariffs, it
is assumed that the new overestimates are caused by lighting surges. Data on effective
illumination [48] was unavailable so a day/night indicator was used, the transitions
being sunrise and sunset times. An input to represent the dusk period used the half hours

before and after sunset as the cut off points.

Fig 3-40 aso reveds a cluster around hour 8 in August, which corresponds to school
summer holidays and is explained if fewer people are getting up at this time, resulting in
reduced demand. This cluster supports the findings in the daily load model that identi-

fied a summer anomaly, but in the half hourly case the anomalies extend further into
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Fig 3-40 Thetwo largest daily overestimates on the improved model now highlight
lighting up time
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Further inputs were created for the Easter weekend and Whitsun week. It was evident
that the effect of bank holidays extended to around 6 am. the following morning, which
makes sense if people on night shifts take this period as their holiday. This is clearly
shown in Fig 3-41 with the model overestimating the early morning load. Errors the day
after holidays were also identified in [33,49].

4+ 7 hour off peak period

A ’\\\/,
| model  <August_ J\f\
\ bank
holiday

3 \ /“ﬂ

half hour energy (GWh)

actual

< >l P
- -

Sunday  Monday Tuesday'TNednesday

- -

Fig 3-41 August bank holiday period modelled only with one indicator that Monday was a holiday.
Reduced load requirement on Sunday and the early hours of Tuesday is very evident.

Fig 3-36 (on page 55) shows the errors of the model modified thus far. Further investi-

gation revealed reasons for some remaining anomalies.

The overestimates in early May occur the morning after the bank holiday in the two half
hours following the new cut off of the bank holiday indicator (6 am. on Tuesday),
suggesting the influence of the bank holiday extends an extra hour in this case. Thereis
also consistent reduced load in the working hours of this day, confirming that many
people will take it as a day’s holiday to make the most of the long weekend. The over-
estimates at the end of August occur the evening before and the late morning following
the bank holiday. The big dip towards the end of May is actually the week before the
bank holiday, indicating that in the run up to the holiday period more electricity than
usual could be being consumed, possibly due to increased industrial output. Another
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likely reason is that the model is compensating so that the errors during Whitsun are
reduced.

At lighting up time the day the clocks changed on Sunday 23rd October the model
seems to be an hour early in its predictions (Fig 3-42). This would be the result if the
clocks for street lighting that came on with time switches were not adjusted until the
Monday. A second suggestion might be a kind of ‘jet lag' effect where people have not
adjusted to the extra hour change. Another possibility that cannot be discounted is that
the data has somehow been adjusted to account for the extra hour so that the data base
will still have 24 hours in this day (how the data was dealt with is unknown). The over-
estimates that occur when BST starts on Sunday 27th March are in the early hours of the
following Monday morning, especially around dawn (Fig 3-43, on page 60).

error

half hour energy (GWh)

noon :midﬁight: noon :midﬁight: noon

Fig 3-42 Ananomaly the day the clocks change



60

Sun 27th Mar

- -

error

half hour energy (GWh)

midnight midnight midnight

Fig 3-43 More anomalies the day the clocks change back

The overestimates in February occur in the late morning of the 15th. On the previous
evening blizzards swept across Britain bringing many areas to a stand still, so presuma-
bly people were turning up late to work the following day, thus reducing the load (Fig
3-44).

blizzards
R Em——
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Fig 3-44 Reduced load because of severe weather conditions
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Thereisaperiod at the end of September where there are hardly any load overestimates.
Examination of the weather conditions revealed that this was peculiar in that the tem-

perature stayed almost constant at 11 degrees Celsius for three days, both day and night.

The greatest anomaly is the second half of April when there are large underestimates.
They all occur in the off-peak tariff hours which gives a clue as to their cause. What is
thought to be happening is that people are gradually switching their night-time storage
radiators off throughout April, as the weather gets warmer. The model can dea with
them being al on or al off but struggles unless it knows exactly how many are on or
off.

It would be expected that there should be similar problems in October as heaters are
switched on again, which is dlightly evident but not as extreme asin April. This can be
explained by peopl€e's tolerance to put up with overheating but not under heating. In
October al heating will probably be switched on at the first cold spell, and then left on
knowing that it could always be cold again tomorrow. In April, as it gets warmer, heat-
ers will be turned off gradually over a period of afew weeks as people get around to it.
The problem of modelling April was also encountered in [39,47], where the data was for
Ireland, a country with similar climate, tariffs and probably even a greater proportion of
storage radiators. A possible explanation given by the authors was that the errors were

due to the hour change occurring in this bi-monthly model (March - April).

3.9.3 Past Loads

Thus far no previous load values were included in the model and the MAPE was around
1.8%. Past loads were deliberately overlooked as it was desired to identify and explain
what causes the load to be what it is, not how the model responds to good initial guesses
of what the load might be. A causal model as opposed to a time series model was re-

quired.

The situation in April is an example of how including past loads might help if causal

information is unavailable. The load is determined by variables such as weather, not past
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loads, which is to say the load depends on the underlying conditions, not what previous
loads were. But since previous loads are a consequence of previous underlying condi-
tions, they will contain information about near past conditions that may not be available

in raw dataform.

In [50] a feature selection algorithm showed that the previous half-hour load and the
load at the same time a week before were the most important input variables, with the
load at the same time yesterday also being important, a finding that is not unsurprising.
Loads for the same half-hour the day and week before were included as inputs to the
model, the resulting errors shown in Fig 3-37 (on page 55). The previous half-hour’s
load was not included as this would have to be based on predictions in a 24 hour ahead
forecaster (even though forecast temperatures would have to be used). Fig 3-37 shows
how the problems with April disappear and the MAPE is now around 1.4%. Comparing
Fig 3-36 and Fig 3-37, the main improvements gained by including past loads are clearly
in the transition periods of April and October, with no significant visible improvement
in other months. What can also be seen is that although the overall error is reduced some
periods are markedly worse. These stand out clearly and there will be reasons for the

errors due to the fact that the period 24 hours or 1 week previous was a specia event.

3.9.4 How the Model is Working

By including previous loads as inputs improvements were seen in the off-peak load in
the transition period of March to April. By re-setting all the binary flags so that no
events occur and passing these new patterns through the trained weights, it is possible to
visualise what is happening. Fig 3-45 shows this for a winter day for the two cases with

and without previous loads included in the input data.

It can be seen that the model with no previous loads fits a smooth underlying load
whereas when previous loads are included there is an influence of past values in the
early hours. The ‘no loads curve can be thought of as the model’s estimation of what

the load would have been if the off-peak tariff did not exist (although the whole profile
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Tuesday

half hour energy (GWh)

hour of day
Fig 3-45 How the network models the off peak period in February

would change if these tariffs did not exist). Comparing Fig 3-45 with Fig 3-39 (on page
56) it is evident how the improved models using the binary fiag deal with the disconti-

nuity and improve the predictions for the cardinal point.

3.9.5 Extracting the Growth

The linear growth term was pruned from all hidden neurons and connected to its own
dedicated neurons in an attempt to extract the growth. Fig 3-46 shows the resultant base
load for 1994 following the same trend as the base load extracted for the previous eight

yearsin the daily model.

3.10 Populations of Models

When creating the models it was noted that identical models with an identical number of
hidden neurons always converged close to a certain value, the only difference being the
random starting values given to the weights. It could be assumed that the models were
almost identical, but this was not the case if viewed on a half-hourly scale. As there is
noise that will exist in the loads due to unpredictable random effects and an incomplete

set of variables for the inputs (the model will always be to some degree ill-posed), the
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neural fit has relaxed constraints and the model will describe a path through the noisy
data. There are many paths that can be made through noisy data that give similar errors
and always limits on the accuracy that can be achieved, assuming the number of hidden

neuronsis limited.

The choice then is which model to choose? For any given point the average of two
predictions will always be better than the worst, unless both are the same. Carrying this
idea forward then as more models are created the better and more robust should the
averaged performance be. Five identically created models were trained, with results
shown in Table 3-3.

The overdl errors of the averaged model outputs are a significant improvement on any
particular individual model. Creating populations of models was a technique used in

[51] but in this case each model (inputs and topology) was different. This was done to

Table 3-3 Improved performance is seen by averaging several seemingly identical networks

1 2 3 4 5 Ave

RMSE 63.75 | 65.80 | 6391 | 6426 | 64.36 | 59.50

MAPE 1.42 1.46 143 1.44 1.43 1.30
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overcome the uncertainty of what inputs and connections were relevant.

3.11 Traditional Load Forecasting Methods

The main objective of this chapter was to investigate how neural networks operate,
using some ‘real’ load data to achieve this. Although the majority of papers on load
forecasting published since 1992 are neural network based, in practice, more traditional
techniques still predominate. The progression to neural network models is gradually
taking place [24] as the technology becomes more accessible [25] and operators familiar

with the issues involved.

In [52] areview of five widely applied (at the time) short term load forecasting tech-

niques is presented, these being:

1) Multiple linear regression

2) Stochastic time series

3) General exponential smoothing
4) State space and Kalman filter

5) Knowledge based approach

In [53] the model types described are categorised into two basic classes each with sub-

types:

1) Time of day
e summation of explicit time function models
e gpectral decomposition models

2) Dynamic
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+ ARMA models

e State-space models

Several techniques are presented in [54] and also in [18] which includes descriptions
and experiences of operational systems. Comparisons between various techniques are
relatively common [52,55]. In [5€6] Box-Jenkins models are compared with neural net-

works, with the conclusion being made that;

‘Neural networks appear to be a future alternative to Box & Jenkins forecasting in all
circumstances, and if they are not already so it is only due to the lack of a definitive

identification procedure’.

Similarly in [57] the following described the practical experience with using neural

network forecasting in Florida;

“..gives robust and more accurate forecasts and allows greater adaptability to sudden

climatic changes compared with statistical methods.”

In [20] it was reported that in a survey of electric utilities, 16 state that the use of neural
networks significantly reduced errors in daily electric load demand forecasts, while only

3 found otherwise.

It is clear that neural networks can give better results than other techniques, but why
should this be so? In the following sections two of these techniques are described in an
attempt to answer this question. For a more detailed descriptions of these and other

forecasting techniques see [58;.

3.11.1 Multiple Linear Regression

In multiple linear regresson (MLR or multivariate regression) load forecasting

[59,60,61], a simple linear model is formed from causal (or explanatory) factors that
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influence the load such as temperatures and day of the week. In essence the load is
represented as a linear combination of these causal factors. This model has the general

form:
Load = bg+bpxg+boxo +...... + b + €

where x; to X« are the independent causal variables, b; to by their respective regression
coefficients and e the error term. The regression coefficients are typically found using

the least square estimation technique [52].

This modd is the same as that of a neural network in its most simple form i.e. with no
hidden neurons (or 1 linear hidden neuron) and a single linear output neuron. The inputs

are x; to x¢ with by to by the respective weights and by the bias.

The addition of non-linear hidden neurons enables neural networks to perform multiple
non-linear regression. As has been shown in this chapter, pruning the network can be
performed so that hidden neurons only process specific causal inputs. This results in a

model of the form:

Load = by + @ (%) + @0%) +...... + QX t €

where x; to X are the independent causal variables and ¢, to ¢k their respective non-
linear functions. These non-linear functions are formed by the linear addition of one or
more activation functions (depending on the number of hidden neurons given to each

input), the exact form of which is determined by training the network.

It is therefore no surprise that neural networks can never give worse results than multi-
ple linear regresson models as they have the capacity to perform linear regression

themsealvesif alinear hidden neuron is used.

3.11.2 Stochastic Time Series

The time series approach [62,63,64] to load forecasting was the most widely discussed

method prior to neural networks.
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The simplest form is an autoregressive (AR) model, where the load is expressed as a
linear addition of terms relating to its previous values. Thisis similar to multiple linear
regression except that the causal variables become time lagged values of the load, hence
the name autoregression. The order, k, of an AR model depends on the oldest previous
value that is regressed on;

Load(t) = bo + blload(t_l) + bzload(t_g) o + bkload(t_k) + &

Moving average (MA) models are similar to AR models but the load is expressed in

terms of previous error values:
Load(t) = by + ble(t_l) + bze(t_z) +.o..... + bke(t_k) + 6

By effectively coupling AR and MA models the popular autoregressive/moving average
(ARMA) mode is created.

ARMA models are only useful for modelling stationary processes. In practical terms” a
stationary process is one where the mean (stationary in the mean) or variance (stationary
in the variance) do not change with time. As was seen in this chapter, a long-term trend
existed in the load data due to system growth, resulting in a non-stationary series. In
order to deal with a non-stationary series, it must first be transformed into a more sta-

tionary series by using a differencing process.
Thefirst difference, X4, of aseries X is:
X1t = X — X1
With the second difference, X’,, being:
X2t = X¢—Xi2
A second order difference isfirst differences of first differences.

This differencing can be incorporated in the ARMA process, resulting in an autoregres-

sive integrated-moving average (ARIMA) model (the ‘integrated’ referring to the

2 See [64] pg 26 for aformal definition of stationarity.
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differencing process). George Box and Gwilym Jenkins [64] have extensively studied
ARIMA models and their names (Box & Jenkins) are synonymous with the general
ARIMA time series model.

The three processes of ARIMA models can all be applied to the inputs of a neural net-

work.
1) Autoregression involves including previous loads as inputs

2) Including the errors as inputs during training could incorporate the Moving Av-
erage. These error inputs would be the current model error for the specific time
lags on which the error is being regressed. The error inputs for any particular
pattern would thus be continually evolving from epoch to epoch as errors are re-
duced due to the learning. In prediction mode the model would be limited as to
how far ahead it could forecast because certain time lagged errors would have to
be known so that they could be used as inputs to the neural network. For exam-
ple, in haf-hourly modelling, if errors a the same hour the day before and a
week before were used as inputs, predictions would be limited to 24 hours ahead.

3) A technique was developed in this chapter (see Fig 3-27) that could extract growth
in the load which makes the differencing to produce a stationary series unneces-

sary.

3.12 Practical Load Forecasting

In practice, operational forecasting models are as much of an art as a science, with hon-
est accounts of what actualy happens seldom being reported due to commercial

sensitivities.

In [65] the forecasting system used at British Gas to predict hourly and daily gas re-
quirement in Great Britain is described. The basic Box-Jenkins model is used but only
after a large amount of data pre-processing. National average temperatures and wind

Speeds are used in the forecasts, which are created from a weighted average of values
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from 8 weather stations around the country. The weightings are related to the relative
guantity of gas sold around each station. If no forecast is available (for predictions over
three days ahead) then a seasonal normal temperature is used. When only maximum and
minimum daily temperature forecasts are available then the average daily temperature

used isjust the average of this maximum and minimum.

The data is aso adjusted before it goes into the model. ‘ The first involves modifying the
temperatures above 14 °C to account for the decrease in response of the demand series
to similar changes in temperature below 14°C......The second modification made to the
raw data is to take account of holiday periods....the demand on each of these days being
multiplied by the holiday factor before modelling commences . Because their model can
only have one input (temperature), the demand is adjusted for wind speed effects. There
iIs a 1% increased adjustment of demand for every 2.5 knots increase in wind speed

between 8 and 15 knots and a 2.8% increase for wind speeds 15 knots and above.

The result of the model is about a 5% accuracy in June and 1.5% accuracy in February.
It was noted that the worst forecasts occur at weekends so ‘ To avoid this problem the
logarithm of the demand series is taken before modelling. ....The use of ‘log’ modelsin

the winter period, however, makes the forecasts worse'.

Another method used by Company A is to split the load into cooling and heating re-
gimes. Thisis chosen to be 18.3°C and is supposed to represent the temperature above
which air conditioning will be used as opposed to heating. It is known that the actual
value varies with time of day and season of year but this value is used because it seems
to work. Although it appears as though it is a scientifically derived temperature it is only

used because 18.3°C = 65°F — a nice round number!

Company B divides its load into day and night with 7 seasons and 5 temperature bands.
An additional temperature variable is created to include ‘ cooling power of the wind’ for
temperatures below this magic 18.3°C. An effective temperature is also created based on
weighted average temperatures for the day in question and the three previous days. The
weightsaresimply 1, 1/2 ,1/4 and 1/8.

% These are from the authors personal ‘in trust’ communications with several companies.



71

At Company C two models are used to give two predictions. The final decision is then
made by an experienced operator who will generally choose his own figure. In this

instance it would be interesting to see the results if the operator made his decision first.

3.13 Chapter Summary

In this chapter a MLP has been employed as a tool to help bring meaning to a large

amount of data.

A common approach is to use other statistical tools, such as cross-correlation, to find
possible relationships between the inputs and output in order to identify relevant inputs.
Many published papers include all possible information and hope that the MLP will sort
out the numbers for itself. In this chapter we have used the MLP as atool itself in order
to identify relationships in data. The reasoning is that if MLPs can produce non-linear

models then why use other linear based techniques in order to identify inputs.

In academia there is an obsession with statistical measures in order to gauge the per-
formance of a model. As has been shown in the real data used, statistical anomalies
often have reasons, and determining these reasons is much more beneficial in real situa-
tions than quoting significance measures. The disadvantage is that it requires a little

more work.

In this chapter severa new ideas have been introduced which it is hoped will help ad-
vance the understanding of neural networks and the load forecasting problem. The
approach was to challenge the common misconception of neural networks that they are
‘black boxes’ that have no explanation of what they do. This ‘black box’ idea does not
make sense knowing the simple processing that goes on within the neurons. Under-

standing what goes on is just a matter of investigation.
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