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1. INTRODUCTION

Neural networks, or more precisely artificial neural
networks, are a branch of artificial intelligence. Multi-
layer perceptrons form one type of neural network as
illustrated in the taxonomy in Fig. 1. This article only
considers the multilayer perceptron since a growing
number of articles are appearing in the atmospheric
literature that cite its use. Many of these papers de-
scribe the benefits that neural networks offer when
compared to more traditional statistical modelling
techniques. Most of the papers briefly describe the
workings of neural networks and provide references,
to books and papers, from which the reader may
obtain further information. This review is aimed at
readers with little or no understanding of neural net-
works and is designed to act as a guide through the
literature so that they may better appreciate this tool.

This review is divided into several sections, begin-
ning with a brief introduction to the multilayer percep-
tron followed by a description of the most basic
algorithm for training a multilayer perceptron, known
as backpropagation. A review of some of the recent
applications of the multilayer perceptron to atmo-
spheric problems will be presented followed by a dis-
cussion of some of the common practical problems and
limitations associated with a neural network approach.

2. THE MULTI-LAYER PERCEPTRON:
A BRIEF INTRODUCTION

Environmental modelling involves using a variety
of approaches, possibly in combination. Choosing the
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most suitable approach depends on the complexity of
the problem being addressed and the degree to which
the problem is understood. Assuming adequate data
and computing resources and if a strong theoretical
understanding of the problem is available then a full
numerical model is perhaps the most desirable solu-
tion. However, in general, as the complexity of a prob-
lem increases the theoretical understanding decreases
(due to ill-defined interactions between systems) and
statistical approaches are required. Recently, the use
of neural networks, and in particular the multilayer
perceptron, have been shown to be effective alterna-
tives to more traditional statistical techniques
(Schalkoff, 1992). Primarily it has been shown
(Hornik et al., 1989) that the multilayer perceptron
can be trained to approximate virtually any smooth,
measurable function. Unlike other statistical tech-
niques the multilayer perceptron makes no prior as-
sumptions concerning the data distribution. It can
model highly non-linear functions and can be trained
to accurately generalise when presented with new,
unseen data. These features of the multilayer percep-
tron make it an attractive alternative to developing
numerical models, and also when choosing between
statistical approaches. As will be seen the multilayer
perceptron has many applications in the atmospheric
sciences.

The multilayer perceptron consists of a system of
simple interconnected neurons, or nodes, as illus-
trated in Fig. 2, which is a model representing a
nonlinear mapping between an input vector and an
output vector. The nodes are connected by weights
and output signals which are a function of the sum of
the inputs to the node modified by a simple nonlinear
transfer, or activation, function. It is the superposi-
tion of many simple nonlinear transfer functions that
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I Neural networks l

I Feed-forward networks I

I Recurrent/feedback networks I

Single-layer Multilayer Radial Basis Competitive Kohonen's Hopfield ART models
perceptron perceptron Function networks networks SOM network
Fig. 1. A taxonomy of neural network architectures (after Jain et al., 1996).
Input layer Hidden Layers Output layer enables the multilayer perceptron to approximate ex-
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Fig. 2. A multilayer perceptron with two hidden layers.
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tremely non-linear functions. If the transfer function
was linear then the multilayer perceptron would only
be able to model linear functions. Due to its easily
computed derivative a commonly used transfer func-
tion is the logistic function, as shown in Fig. 3. The
output of a node is scaled by the connecting weight
and fed forward to be an input to the nodes in the next
layer of the network. This implies a direction of in-
formation processing, hence the multilayer perceptron
is known as a feed-forward neural network. The archi-
tecture of a multilayer perceptron is variable but in
general will consist of several layers of neurons. The
input layer plays no computational role but merely
serves to pass the input vector to the network. The
terms input and output vectors refer to the inputs and
outputs of the multilayer perceptron and can be repre-
sented as single vectors, as shown in Fig. 2. A multi-
layer perceptron may have one or more hidden layers
and finally an output layer. Multilayer perceptrons

Fig. 3. The logistic function y = 1/(1 — exp( — x)).
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are described as being fully connected, with each node
connected to every node in the next and previous
layer.

By selecting a suitable set of connecting weights and
transfer functions, it has been shown that a multilayer
perceptron can approximate any smooth, measurable
function between the input and output vectors
(Hornik et al., 1989). Multilayer perceptrons have the
ability to learn through training. Training requires
a set of training data, which consists of a series of
input and associated output vectors. During training
the multilayer perceptron is repeatedly presented with
the training data and the weights in the network are
adjusted until the desired input—output mapping
occurs. Multilayer perceptrons learn in a supervised
manner. During training the output from the multi-
layer perceptron, for a given input vector, may not
equal the desired output. An error signal is defined as
the difference between the desired and actual output.
Training uses the magnitude of this error signal to
determine to what degree the weights in the network
should be adjusted so that the overall error of the
multilayer perceptron is reduced. There are many
algorithms that can be used to train a multilayer
perceptron. Once trained with suitably representative
training data (see Section 6) the multilayer perceptron
can generalise to new, unseen input data.

3. TRAINING A MULTILAYER PERCEPTRON—THE BACK-
PROPAGATION ALGORITHM

Training a multilayer perceptron is the procedure
by which the values for the individual weights are
determined such that the relationship the network is
modelling is accurately resolved. At this point we will
consider a simple multilayer perceptron that contains
only two weights. For any combination of weights the
network error for a given pattern can be defined. By
varying the weights through all possible values, and
by plotting the errors in three-dimensional space, we
end up with a plot like the one shown in Fig. 4. Such
a surface is known as an error surface. The objective
of training is to find the combination of weights which
result in the smallest error. In practice, it is not pos-
sible to plot such a surface due to the multitude of
weights. What is required is a method to find the
minimum point of the error surface.

One possible technique is to use a procedure known
as gradient descent. The backpropagation training
algorithm uses this procedure to attempt to locate the
absolute (or global) minimum of the error surface. The
backpropagation algorithm (Rumelhart et al., 1986) is
the most computationally straightforward algorithm
for training the multilayer perceptron. Backpropaga-
tion has been shown to perform adequately in many
applications; the majority of the applications dis-
cussed in this paper used backpropagation to train
the multilayer perceptrons. A full mathematical deri-
vation of this algorithm can be found in almost all
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Fig. 4. An error surface for a simple multilayer perceptron
containing only two weights.

neural network textbooks (e.g. Bishop 1995) so only
the essential components of the algorithm will be
discussed here. Backpropagation only refers to the
training algorithm and is not another term for the
multilayer perceptron or feed-forward neural net-
works, as is commonly reported.

The weights in the network are initially set to small
random values. This is synonymous with selecting
a random point on the error surface. The backpropa-
gation algorithm then calculates the local gradient of
the error surface and changes the weights in the direc-
tion of steepest local gradient. Given a reasonably
smooth error surface, it is hoped that the weights will
converge to the global minimum of the error surface.

The backpropagation algorithm is summarised be-
low. Implementation details can be found in most
neural network books (e.g. Bishop, 1995).

1. initialise network weights,

2. present first input vector, from training data, to
the network,

3. propagate the input vector through the network
to obtain an output,

4. calculate an error signal by comparing actual
output to the desired (target) output,

5. propagate error signal back through the net-
work,

6. adjust weights to minimise overall error,

7. repeat steps 2-7 with next input vector, until
overall error is satisfactorily small.

The above implementation of the backpropagation
algorithm is known as on-line training whereby the
network weights are adapted after each pattern has
been presented. The alternative is known as batch
training, where the summed error for all patterns is
used to update the weights. The benefits of each ap-
proach are discussed in Battiti (1992). In practice,
many thousands of training iterations will be required
before the network error reaches a satisfactory
level—determined by the problem being addressed.
As will be discussed later, training should be stopped
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when the performance of the multilayer perceptron
on independent test data reaches a maximum,
which is not necessarily when the network error is
minimised.

The error surface in Fig. 4 contains more than
one minimum. It is desirable that the training
algorithm does not become trapped in a local min-
imum. The backpropagation algorithm contains two
adjustable parameters, a learning rate and a mo-
mentum term, which can assist the training process in
avoiding this. The learning rate determines the step
size taken during the iterative gradient descent learn-
ing process. If this is too large then the network error
will change erratically due to large weight changes,
with the possibility of jumping over the global min-
ima. Conversely, if the learning rate is too small then
training will take a long time. The momentum term is
used to assist the gradient descent process if it be-
comes stuck in a local minimum. By adding a propor-
tion of the previous weight change to the current
weight change (which will be very small in a local
minimum) it is possible that the weights can escape
the local minimum.

4. MULTILAYER PERCEPTRON APPLICATIONS
IN GENERAL

The multilayer perceptron has been applied to
a wide variety of tasks, all of which can be categorised
as either prediction, function approximation, or pat-
tern classification. Prediction involves the forecasting
of future trends in a time series of data given current
and previous conditions. Function approximation is
concerned with modelling the relationship between
variables. Pattern classification involves classifying
data into discrete classes. All of these applications are
closely related and can be treated as modifications to
the following generic model.

4.1. The generic multilayer perceptron application

The objective is to find an unknown function
S which relates the input vectors in X to the output
vectors in Y,

Y =7(X)

where X = [nx k], Y = [nx/j], n is number of train-
ing patterns, k the number of input nodes/variables
and j the number of output nodes/variables.

During training the function f is optimised, such
that the network output for the input vectors in X is
as close as possible to the target values in Y. The
matrices X and Y represent the training data. The
function f; for a given network architecture, is deter-
mined by the adjustable network weights.

4.2. Function approximation and prediction

Both function approximation and prediction are
very similar. It is usually the case that only one variable
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is modelled from the input data, hence the multilayer
perceptron will only have one output node, and
the dimensions of matrices X and Y in the generic
application are nx k and n x 1, respectively. To use
a multilayer perceptron for prediction involves training
the network to output the future value of a variable,
given an input vector containing earlier observations.

The multilayer perceptron approximates highly non-
linear functions between X and Y and requires no
prior knowledge of the nature of this relationship.
This is one of the benefits multilayer perceptrons offer
over conventional regression analysis. If the relation-
ship between X and Y is non-linear then linear regres-
sion is clearly an inappropriate tool, although it may
be possible to apply linear regression on a more local
basis where the non-linearity can be dismissed.
Non-linear regression is useful if the nature of the
nonlinearity can be found and if the non-linearity is
consistent over the entire range of measurements.
Extremely non-linear relationships exist in the real
world and it is inappropriate to attempt to under-
stand these problems using traditional regression, at-
tributing scatter to the presence of “noise”. Under
these circumstances the multilayer perceptron is
a useful tool. A good theoretical example of this point
is presented in Robinson (1991).

4.3. Pattern classification

Traditional pattern classifiers assign a class to every
measurement vector in X. A classifier is said to parti-
tion the whole of measurement space, or the set of all
possible input vectors, into j disjoint subsets each
representing one of the j target classes. Classifiers aim
to minimise the probability of misclassification via
Bayes theorem, classifying a new example to the class
that has the highest posterior probability. The poste-
rior probability gives a measure of the likelihood of
a particular measurement vector belonging to a par-
ticular class. An overview of Bayes theorem and pat-
tern classification techniques can be found in Bishop
(1995).

Multilayer perceptrons can be used for classifica-
tion by assigning output nodes to represent each class.
For example, if a classification of an air mass was
either maritime, continental or polar, then the multi-
layer perceptron will require three output nodes. The
target output vectors in the training data can be
considered as binary vectors with a 1 indicating class
membership and a 0 indicating no membership. In
this way, the maritime class would be represented by
an output vector of [1,0,0], continental [0, 1,0], and
polar [0,0, 1]. Once trained the network can be pre-
sented with an unseen input vector. The output from
the multilayer perceptron can be considered as
a posterior probability; hence the final classification
goes to the node with the highest value. If, for
example, the output was [0.6,0.1,0.2] then the most
probable classification would be maritime.

Unlike function approximation and prediction,
multilayer perceptrons used for classification will
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have more than one output node. The dimensions of
matrices X and Y in the generic application will be
nx k and n x j, respectively, where j is the number of
possible classes, and n and k are as before.

Multilayer perceptrons have been shown to be su-
perior to traditional classification approaches for sev-
eral reasons (Benediktsson et al., 1990). Firstly, and
most importantly, this approach does not require any
prior assumptions regarding the distribution of train-
ing data. Classifications that use Bayes theorem rely
on a Gaussian (normal) distribution of the data which
is often not the case in practical applications. Another
benefit of the multilayer perceptron approach is that
no decision regarding the relative importance of the
various input measurements needs to be made; during
training the weights are adjusted to select the most
discriminating input measurements. Benediktsson
et al. (1990) also make the point that with care the
traditional classification algorithms can be made to
classify more accurately than a multilayer perceptron,
but that this requires “significantly more insight and
effort on the part of the analyst”. Multilayer percep-
trons are no panacea.

5. MULTILAYER PERCEPTRON APPLICATIONS
IN THE ATMOSPHERIC SCIENCES

There is no space to discuss in detail all atmo-
spheric science applications of the multilayer percep-
tron. Instead a brief overview of applications from
prediction, function approximation and pattern clas-
sification will be presented. It is hoped that these
papers illustrate the main principles of applying the
multilayer perceptron to real-world atmospheric
problems. Other papers will be mentioned for refer-
ence purposes.

5.1. Prediction

The multilayer perceptron has been applied within
the field of air-quality prediction. The relationship
between meteorology and pollution is complex, and
potentially multi-scale in nature. Yi and Prybutok
(1996) describe a multilayer perceptron that predicts
surface ozone concentrations in an industrialised area
of North America. The model takes nine input vari-
ables to predict the maximum daily surface ozone
concentration. These variables include the morning
ozone concentration, the maximum daily temper-
ature, CO,, NO, NO, and NO, levels, and also wind
speed and direction. Results from the multilayer per-
ceptron were shown to be better than those obtained
from regression analysis (using the same input data).
The authors also suggest that the multilayer percep-
tron outperforms an ARIMA time-series modelling
approach, however such comparisons between tech-
niques must be made with care. For example, to fairly
compare an ARIMA time-series model with a multi-
layer perceptron model, requires that both models
are constructed using the same data. In Yi and
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Prybutoks’ paper the multilayer perceptron was
trained with all nine meteorological and chemical
variables whilst the ARIMA model was constructed
purely from the ozone time series.

Boznar et al. (1993) constructed a multilayer per-
ceptron to predict atmospheric sulphur dioxide con-
centrations in a highly polluted industrialised area of
Slovenia. The objective of the work was to develop
a model that could make accurate short-term (hourly)
predictions of sulphur dioxide concentrations in order
to determine whether or not to reduce emissions from
a coal-fired power station. Previous work had
employed a numerical air dispersion model; due to
complex topography in the region results were poor.
Boznar et al. (1993) trained multilayer perceptrons to
predict sulphur dioxide concentrations at various sta-
tions in the study area for which data was available.
The input data to the model were taken from stations
over a larger area and consisted of current and pre-
vious observations of sulphur dioxide concentrations
and meteorological information. This illustrates how
easily disparate sources of data can be brought
together within a multilayer perceptron model. Re-
sults from the model were “encouraging” (no perfor-
mance statistics were given) and an on-line
implementation of the software is being made at one
of the power stations where continuous air quality
monitoring occurs.

Comrie (1997) compares ozone forecasts made by
multilayer perceptron and regression models. The
forecasts of summertime daily maximum (one hour)
ozone concentration for various U.S. urban areas
were made using average daily meteorological input
data. Comrie concluded that the neural network ap-
proach found no dramatic improvements when com-
pared to linear regression, with only small to
moderate gains in model performance. In our view
this is due to the nature of the daily data which does
not represent the real non-linear ozone-meteorology
relationship. It is likely that the neural network would
significantly outperform regression at a sub-daily
timescale when the non-linearity of the system is more
apparent. By concentrating on the daily timescale the
comparison is carried out on an essentially linear
system, hence the close performance of the two ap-
proaches.

Predicting severe weather is one of the ongoing
challenges facing meteorologists. The dynamics of se-
vere weather phenomena are not easily included in
current numerical weather prediction models due to
their small scale and our limited understanding of
them. Marzban and Stumpf (1996) trained a multi-
layer perceptron to predict the existence of tornadoes.
The approach outperformed other techniques includ-
ing discriminant analysis, logistic regression and
a rule-based algorithm. McCann (1992) trained multi-
layer perceptrons to forecast the presence or absence
of significant thunderstorms. Results indicated that
the multilayer perceptrons were picking up patterns
that skilled forecasters recognise as precursors to
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thunderstorms. McCann makes the point that since
the exact nature of the interaction between the com-
ponents that produce a thunderstorm, basically the
stability of the air and the presence of lifting mecha-
nisms, are not well understood, it would be desirable
to know what the multilayer perceptron has learnt.
McCann concludes, after several attempts, that it is
“practically impossible to understand the “black box”.
The conclusions of this study are not very satisfying to
scientists. Acceptance comes from how well the net-
works have learned patterns”. This point will be fur-
ther addressed in Section 6.

Other applications of multilayer perceptrons for
prediction include the forecasting of Indian monsoon
rainfall (Navone and Ceccatto, 1994), Brazilian rain-
fall anomalies (Hastenrath and Greischar, 1993), daily
solar radiation (Elizondo et al., 1994), crop damage by
ozone (Benton et al., 1995), atmospheric dispersion of
pollutants (Rege and Tock, 1996), solar activity
(Macpherson et al., 1995), and carbon monoxide
levels due to vehicle emissions at an urban road inter-
section (Moseholm et al., 1996).

5.2. Function approximation

Unlike with prediction, function approximation
aims to use the multilayer perceptron to better and
more fully model relationships between data. For
example, Gardner and Dorling (1996) trained a multi-
layer perceptron to model the relationship between
hourly surface ozone concentration and various local
meteorological variables at a coastal location. The
objective of this work was to assess the importance of
meteorology in determining hourly surface ozone
concentrations. The work illustrates that previous at-
tempts to address this problem were inappropriate
since the problem is non-linear. Linear regression
was tending to underestimate the importance of
meteorology.

The multilayer perceptron has been used to model
non-linear transfer functions and has found much use
in the retrieval of geophysical parameters from re-
motely sensed data (Thiria et al., 1993; Butler et al.,
1996; Badran and Thiria, 1991; Clothiaux et al., 1994;
Churnside et al, 1994). Krasnopolsky (1995) de-
veloped a multilayer perceptron to model the transfer
function for special sensor microwave imager (SSM/I)
surface wind speed retrieval. The multilayer percep-
tron approach was shown to be as good as previous
empirical algorithms for retrieving wind speeds. How-
ever the performance of the multilayer perceptron
under cloudy atmospheric conditions was shown to
be better than the conventional algorithms. This find-
ing was also supported by the work of Stogryn et al.
(1994), who claim an improvement of more than a fac-
tor of two compared to alternative algorithms under
non-clear conditions. This paper illustrates that
a well-trained multilayer perceptron can adjust the
relationship being modelled depending on specific
conditions due to the many interactions between in-
put variables—using a single transfer function for
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both cloudy and clear conditions was found to be
inappropriate. One of the limitations of the multilayer
perceptron approach was that wind speeds which
were not well represented in the training data were
subsequently poorly retrieved. The problem of select-
ing suitable training data will be discussed in
Section 6.

5.3. Pattern classification

Global climate change may be indicated in the
changing distribution of clouds and cloud types, espe-
cially in the polar regions. Multilayer perceptrons
have been applied to the classification of satellite
images to distinguish between clouds and ice or snow.
Multilayer perceptrons have been shown to produce
better classifications than discriminant analysis
(Welch et al., 1992; Tovinkere et al., 1993; Bankert,
1994). Cloud classification has been taken a step fur-
ther by Peak and Tag (1992), who have developed
a system to produce synoptic style analyses directly
from satellite imagery. The system was developed for
the U.S. Navy to aid with the on-ship interpretation of
satellite imagery, in particular for identifying the loca-
tion of fronts, cyclones, severe weather and sea states.
The system uses a combination of multilayer percep-
trons for pattern recognition and an expert system to
produce the final analysis. An introduction to expert
systems can be found in Simons (1984).

Multilayer perceptrons have also been applied to
the classification of atmospheric circulation patterns.
Cawley and Dorling (1996) describe a system which
attempts to reproduce a manual classification of at-
mospheric circulation patterns over the British Isles
known as the Lamb Weather Types. Inputs to the
multilayer perceptron consist of surface pressure ob-
servations over a grid of points centred over the
British Isles. The multilayer perceptron marginally
outperformed a rule-based classification scheme. Such
an automated approach to circulation classifications
is desirable since a manual scheme will contain dis-
continuities as authors change over time. The fre-
quency of the Lamb Weather Types will be subject to
variations due to climate change. The ability to clas-
sify the masses of output from climate simulation
models in such an automated manner would be of
great use. Verdecchia et al. (1996) report on a similar
approach to determine the presence of a “blocking
situation” (a region of stationary high pressure) over
Europe.

The benefits afforded by the multilayer perceptron,
when used for pattern classification, have been clearly
observed in work producing land cover classifications
(Foody et al., 1995; Benediktsson et al., 1990; Chen
et al., 1995; Foody, 1995). The generalisation capabil-
ity of the multilayer perceptron, even when trained on
a limited amount of data, has been used to reduce the
time and effort involved in producing land cover clas-
sifications from multi-spectral data (Hepner et al.,
1990). More recently, output from the multilayer
perceptron has been interpreted as a fuzzy or soft
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classification, and attempts to model mixtures of land
cover types have been made (Foody, 1996).

Another application of the multilayer perceptron
to pattern recognition is in the classification of
convergence lines from radar imagery (Hagelberg and
Helland, 1995). Convergence lines represent preferred
locations for thunderstorm development. The ability
to automatically detect such features from radar im-
ages would be of great use in aviation weather fore-
casting. Finally, Miniere et al. (1996) report on the use
of a multilayer perceptron to classify electron and
proton whistlers (lightning-related phenomena), in
real time, aboard magnetospheric satellites. This pa-
per also presents a brief overview of multilayer per-
ceptron applications in space physics.

6. LIMITS, PROBLEMS AND SOLUTIONS—BACK-
PROPAGATION AND THE MULTILAYER PERCEPTRON
IN PRACTICE

The benefits of using multilayer perceptrons have
been illustrated. One of the reasons often cited for not
using multilayer perceptrons in practice, and artificial
neural networks in general, is that they are difficult to
implement and interpret. Although this is true to
a certain degree, there is an abundance of useful in-
formation available that can assist in the process,
enabling common pitfalls to be avoided. Commercial-
ly available software will often provide built in solu-
tions to protect the user from many of the following
issues, however it is still important to have a basic
understanding of the problems.

Further discussion can be found in recent text-
books (e.g. Bishop, 1995) and in the neural networks
newsgroup frequently asked questions (FAQ) avail-
able via the Internet (Sarle, 1997). Many of the prob-
lems are common to all statistical modelling
techniques and will be mentioned to illustrate that
neural networks are not the solution to all problems
facing statistical modelling. It must be stressed
that there have been many successful applications of
the multilayer perceptron when trained using the
most basic backpropagation algorithm. With care,
some trial and error, and a theoretical under-
standing of backpropagation, good results can be
obtained.

The initial problem faced when using a multilayer
perceptron is deciding on the network architecture—
the number of layers and nodes in those layers. There
are no rules to help in this process. The number of
input and output nodes is determined by the problem
at hand. Technically only one hidden layer is required
to approximate any smooth measurable function be-
tween inputs and outputs (Hornik et al., 1989). The
optimum number of nodes required in the hidden
layer is problem dependent, being related to the
complexity of the input and output mapping, the
amount of noise in the data and the amount of
training data available. If the number of nodes in the
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hidden layer is too small the backpropagation algo-
rithm will fail to converge to a minimum during
training. Conversely, too many nodes will result in the
network overfitting the training data resulting in poor
generalisation performance.

The principal of generalisation requires further at-
tention. Given some training data and a network with
too many nodes and hidden layers, it is highly prob-
able that the network will eventually learn all the
training patterns in the training data a case of overfit-
ting. In a problem with noisy data the network would
eventually learn all the noise in the training data.
Since the noise can be assumed to be randomly dis-
tributed, similar training patterns with different de-
grees of noise would be seen as dissimilar by the
network. When such an overtrained network is pre-
sented with a new pattern it is likely that the network
will incorrectly classify it, since the pattern (and its
associated random noise) will not have been observed
in the training data. Reducing the number of hidden
layers and nodes serves to act as a noise filter, forcing
the network to ignore the small-scale noise and to
learn the underlying patterns in the training data, the
desired situation.

It is important to remember that the usual purpose
of training the multilayer perceptron is to achieve
good generalisation on unseen data, for example in
prediction applications. Maximum generalisation
performance will occur before the overall network
training error reaches a minimum, as shown in Fig. 5.
A network trained on a noisy set of data until the
global minimum is reached is overtrained. One way to
ensure this does not occur, and that the generalisation
performance will be good, is to divide the training
data into several sets—a training set, a validation set
and a test set. The training set is used to actually train
the network. The validation set can be used to assess
the generalisation ability of the network whilst
training is occurring. Training is stopped when the
generalisation performance reaches a maximum. This
technique is known as early stopping and is parti-
cularly useful when training multilayer perceptrons
with real world, noisy data. Finally, the test set is used

Error \

Validation Error

Training Error

/

t Training Time

Fig. 5. Training and validation errors with respect to train-
ing time.
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to assess the overall performance of the trained net-
work.

There are two other factors that determine the level
of generalisation that will be obtained from a multi-
layer perceptron. The first concerns the relationship
that the multilayer perceptron is attempting to ap-
proximate. In particular, this function must be
smooth, by which a small change in an input only
results in a small change in the output. Secondly, the
training data must be adequately extensive and also
representative. Multilayer perceptrons perform well
when used for interpolation, but poorly if used for
extrapolation. The training data must fully represent
all cases about which the multilayer perceptron will
be required to generalise from. If both these condi-
tions are satisfied, and the multilayer perceptron is
trained with a suitable training algorithm, then the
performance of the network will be good. Some fur-
ther issues relating to the selection of training data
can be found in Lawrence (1991).

Given a set of data, the question arises of how best
to divide the data into training, validation and test
sets, such that the conclusions drawn from the multi-
layer perceptron are valid and performance is
representative. If, for example, the data are divided
randomly there is a chance that the data in one of the
sets may be biased towards extreme or uncommon
events. This will cause problems when assessing the
performance of the network. A network can only
generalise on the range of data inputs for which it was
trained. This is a particular problem when working
with small data sets, when good or bad performance
could be related to the selection of the various data
subsets. One way around this problem is known as
V-fold cross-validation, and involves randomly divid-
ing the data into “V” independent subsets (Stone,
1974). The multilayer perceptron is then trained on
each subset and its performance on the remain-
ing data is recorded. The stability of the training can
then be used to gauge the confidence that can be
placed on the network performance when trained with
all the data. An excellent overview of the problems
associated with data modelling, and determining
measures of performance, can be found in Breiman
et al. (1984).

Often, especially in the atmospheric sciences, suc-
cessfully modelling the average behaviour of a system
is not the desired goal. It is important that the model
can resolve infrequent, extreme events which are often
of great importance. Several approaches to overcome
this problem have been suggested, including data
pre-processing, and by making adjustments to the
training algorithm so that well learnt patterns are
temporarily ignored from the training process (Lister
et al., 1993).

Decisions need to be made in choosing suitable
values for the learning rate and momentum para-
meters required by the backpropagation training al-
gorithm. The best values to use are problem-specific.
Le Cun et al. (1993) describe a process which can
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determine the maximum possible value of the learning
rate. If a network fails to converge an increase in
momentum and a decrease in the learning rate may
help. If the network oscillates around a solution or
becomes unstable then decreasing the learning rate
may result in convergence. The selection of suitable
learning parameters requires a degree of judgement
and is perhaps the most unattractive aspect of the
backpropagation algorithm. More sophisticated algo-
rithms avoid the need to specify such sensitive train-
ing parameters.

There are many activation functions which can be
used in place of the logistic function. Virtually, all
non-linear functions could be used, however for the
backpropagation algorithm the function must be dif-
ferentiable. Bounded functions are preferred, since
these will prevent weights from taking very large
values, slowing convergence during training. One al-
ternative to the logistic function is the hyperbolic
tangent (tanh) function. Different layers in the net-
work can have different activation functions. It is
often useful, for example, to have an unbounded func-
tion (usually the identity function y = x) at the output
layer. This enables the outputs to take a range of
values without being bounded to the limits of the
function, for example between 0 and 1 for the logistic
function.

Rescaling input data between 0 and 1 is often re-
ported in papers describing applications of the multi-
layer perceptron. In theory this is unnecessary since
any rescaling can be compensated for within the net-
work by adjusting the input to hidden layer weights.
In practice, initial network weights are chosen ran-
domly. Therefore, if one input has a large range and
another has a small range, but both exhibit a similar
amount of variance, then the network may ignore
the small input due to the large contribution from the
other input. It is therefore advisable to standardise
the inputs to the multilayer perceptron, by dividing
the input by the standard deviation of all values in the
training data. This may also assist with the interpreta-
tion of network weights.

Backpropagation is slow and is particularly affec-
ted by the “curse of dimensionality” (after Bellman,
1961). As the dimensionality of the data increases, the
amount of training data required by the multilayer
perceptron rapidly increases. Similarly, as the data
become more complex the number of weights, and
hence the size of the network, rapidly increases. Both
these problems serve to slow the speed at which the
backpropagation algorithm will converge. One solu-
tion to this problem is to reduce the dimensionality of
the input data, which can be achieved through the use
of principal components, or by removing redundant
variables from the input data. This process is known
as feature selection (Setiono and Liu, 1996). An alter-
native solution is to use a different algorithm. The
number of algorithms that exist, and all their deriva-
tives, make it very difficult to know which algorithm
to turn to. There is not space here to discuss all such
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algorithms. A good description of many algorithms
can be found in Gibb (1996) or Battiti (1992).

Once trained, multilayer perceptrons can represent
relationships, often with surprising accuracy, that are
not fully understood by the traditional theory. To
complete this introduction attention must be paid to
the “black-box” nature of the multilayer perceptron.
No consensus opinion and related theory has been
proposed which enables an analysis of the network
weights to determine exactly what the multilayer per-
ceptron has learnt. Techniques exist to determine the
relative importance of the input variables (Sarle,
1997). These techniques range from a straightforward
analysis of the network weights in the input-hidden
layer, through to more complex algorithms which
take into account the hidden-output layer weights
(Garson, 1991). Other approaches involve calculating
partial derivatives of the output with respect to the
various inputs. All these approaches have their limita-
tions and will often provide conflicting results. If the
problem that the multilayer perceptron is applied to is
one of prediction, or classification, or the exact nature
of the input-output relationship is not important,
then the “black box” limitation is of no consequence.
If the multilayer perceptron is being applied to prob-
lems where the desire is to increase the knowledge of
a physical process, and the interaction of driving
mechanisms, then the “black-box” limitation will re-
strict the usefulness of the multilayer perceptron. One
particularly promising avenue of research involves
pruning the network after training, removing redund-
ant weights. The final network, with much fewer
weights, may be more easily analysed. Reed (1993)
provides a valuable review of pruning algorithms.

7. CONCLUSION

The multilayer perceptron has been shown to be
a useful tool for prediction, function approximation
and classification. The practical benefits of a model-
ling system that can accurately reproduce any
measurable relationship is huge. The benefits of the
multilayer perceptron approach are particularly ap-
parent in applications where a full theoretical model
cannot be constructed, and especially when dealing
with non-linear systems. The numerous difficulties in
implementing, training and interpreting the multi-
layer perceptron must be balanced against the perfor-
mance benefits when compared to more traditional,
and often inappropriate, techniques.

There are many commercially and freely available
software packages that enable users to implement
neural networks relatively easily (Sarle, 1997). Such
software is increasingly allowing neural networks to
be implemented in a similar manner to regression or
discriminant analysis, shielding the user from difficult
parameter selection. Unfortunately, most packages
provide only a limited number of training algorithms,
which cannot be adjusted or adapted by the user.
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Writing your own code has the benefit of enabling
quick implementation of the most recent adaptations
to training algorithms. Since there are many alterna-
tives to standard backpropagation this has obvious
benefits. Coding the algorithm by hand requires a full
understanding of the mechanisms by which the neural
network learns and provides more insight into the
technique. Whichever method is adopted, the full be-
nefits that neural networks offer can only be realised
through a fundamental understanding of the basic
theory.
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