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1 In tro duction

Neural network architectures can broadly be divided into two classes;

� unsupervised algorithms

� supervised algorithms

The work done in these two areastends to be motivated by di�eren t goals. The unsupervised architectures are
generally motivated as models of physiological systems,the main goal being the attainment of self-organisation.
This is the processwhereby a systemautomatically learns to extract useful information from input data analogous
to the processof cluster analysis in the �eld of pattern recognition. The most popular network architectures that
fall into this category include ART [3] (the early versions of which are almost indistinguishable from the so-
called leader clustering algorithm) and the Kohonen net [11]. The ART networks provide a reasonablefunctional
simulation for some parts of the brain based on physiological models but as yet provide very little which is of
genuine usefor algorithmic research. The Kohonen Net is intrinsically linked to the idea of topographic mapping
and providesa useful technique for mapping high dimensionaldata setsin fewer (t ypically two) dimensions. Again,
however, in terms of algorithmic novelty their performance is almost identical to the nearest neighbour classi�er
[8] and provide very little additional advantagesoutside its useas a data visualisation tool.

Supervised network algorithms on the other hand tend to be motivated by requirements of a system to perform a
speci�c task. This leads to well de�ned training algorithms which can be designedto optimise speci�c statistical
performancecriteria. Thesenetworks can be de�ned for both `static' and temporal sequencepattern classi�cation
though only static pattern classi�cation will be covered here.

When considering the application of neural networks to research in machine vision there are several limitations
of these algorithms which need to be considered. Feed-forward neural networks are simply a high dimensional
interpolation systemand can only reproduceone-to-oneor many-to-one mappings. As a consequence,useof these
methods can give no advantage over standard techniquesif there is an accuratemodel for the system. Where there
is no model for the system then neural networks can be expected to work only as well as other non parametric
methods. They can only be expectedto perform better than parametric methods if the assumptionsof the selected
parametric model are inadequate. Conventional architectures do not generatemeaningful internal representations
due to a limitation causedby the initial selection of network architecture. They are therefore not e�ectiv e at
extracting relevant invariant relationships between conjunctions of input features. Traditional neural network
architectures are notoriously di�cult to train e�cien tly [25]. The other problem is that the training time required
for a particular mapping task grows as approximately the cube of the complexity of the problem. This prohibits
the useof standard neural networks on all but the simplest and most straight-forward of tasks.

In conclusion, functional mapping networks can currently only be of real value in limited complexity problems
wheremost of the required output mapping (invariance) characteristics have already been built in to the input
data . Evenwith this restriction thesetechniquescanbe of real usein machine vision. After describingbrie
y the k-
nearestneighbour classi�er the following sectionswill focuson the aspectsof supervisedfeed-forward architectures
including;

� network architecture.

� statistical optimalit y criteria.

� training algorithms.

� statistical testing.

� machine vision applications.

2 K-Nearest Neigh bour Classi�cation

The K-nearest neighbour classi�er is by far the most popular technique for forming classi�cation decisionsfor cases
where a large quantit y of training data is available. The technique involves computing the distance of an input
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vector I i from a set of stored training exampleswij assuminga suitable distance metric is known. This often takes
the form of the Euclidean or Mahalanobis distance metrics:

E j =
X

i

(wij � I i )2

and the more general
M j = (wj � I )T CI (wj � I )

(subscripts have been dropped to imply vector quantities). The distance metric is generally selectedfor compu-
tational convenienceand rarely becauseof statistically valid reasons,although the technique will have statistical
validit y if the "covariance matrix" CI is selectedto model measurement errors on I . The classi�cation decision is
then simply done on the basisof majorit y voting of classi�cation of the K nearestpatterns.

The reason for the popularit y of this technique (besidessimplicit y) is that it can be shown to approach Bayes
optimal classi�cation performance for large data sets. Bayes optimal is de�ned as obtaining the error rate we
would achieve if we knew the underlying probabilit y distributions which generatedthe data set and were to use
them at each point in the input pattern spacein order to make our classi�cation decision. This technique is closely
related to the Parzen classi�cation approach, where an attempt is made to estimate the underlying probabilit y
distributions more closely, for a more detailed description of this and associated techniques the reader is referred
to [8].

For small data setshowever, the technique is highly dependent on the selectionof the distance metric. Supervised
learning approachesto neural network pattern classi�cation have the freedomto learn underlying statistical trends
in the data thus eliminating the ad hoc choice of distance metric and enforcing local smoothnessconstraints in
the decisionsurfacewhich help to cope with small data sets. It must still be said, however, that in the majorit y
of casesa nearest neighbour classi�er, by approaching closely Bayes error rates, will be su�cien t for a pattern
classi�cation problem and application of neural network techniquesmay be completely unwarranted.

3 Feed-forw ard Net work Arc hitecture

The generalnetwork structure (�gure 1) and the back-propagation algorithm [21] are now well establishedin the
literature. A vector of input components I i is fed directly to the output oi of the input layer i of nodes(in CMAC
networks and fuzzy systemsoi may also be a linear function of I , but this is beyond the scope of this review) and
the activit y at subsequent nodes is calculated from the equations.

dj =
X

i

wij :oi

or
r j =

X

i

(wij � oi )2

and
oj = f (dj ) or g(r j )

Where wij is the connectionstrength of the wire betweennodesi and j . Notice the similarit y of the r j function to
the nearestneighbour algorithm, nearestneighbour classi�ers thus form a sub-setof the neural network approaches.
The nearest neighbour algorithm is in no way unique in this respect, as neural network approaches can now be
shown to contain many standard statistical pattern recognition formulations as a sub-set. The main di�erence
being that parametersare determined by a training processand would probably have beenassumedto be known
in the statistical approaches.

The input function often also has a bias weight term, but this can be accommodated within this mathematical
model by connecting a bias node (with �xed output and no inputs ) to node j .

The usual choice for the transfer function f (d) for Multi-La yer Perceptrons(MLPs) is the ogive ( or sigmoid )

f (d) =
1

1 + exp(� d)

For Functional Link Nets (FLNs) the choice is

f (d) = dn polynomial
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Figure 1: Feedforward Network Architecture

f (d) = sin (d)

f (d) = cos(d)

f (d) = tan(d)

Finally for Radial Basis Function (RBF) networks the following selectionsare typical

g(r ) = exp(� r 2=2� 2) Gaussian

g(r ) = r 2 log(r ) thin plate

g(r ) = log(r 2 + � 2)1=2 shif ted log

The activit y at the output layer is calculated by computing the output from each layer of nodes starting from
the input values and working towards the output. There may be several internal layers of nodes before the �nal
output layer. Training proceedsby changing the weight values(set initially to sensiblerandom values) so that the
next time each particular pattern is presented the output generatedis more like (by somepre-determined metric)
the required result. This training procedurecan be organisedin several ways which will be discussed.Although
in principle a single network can be used to estimate multiple outputs there is rarely merit in attempting this.
Consequently problems are often broken down so that each required output is estimated from a di�eren t network.

Very little will be said in this review about the choice of particular architectures for speci�c problems. This is
because,on the whole, most of these networks will estimate an arbitrary functional mapping as well as another
given an equivalent number of free parameters. This assumption does have a few key exceptions. Firstly when
performing classi�cation tasks MLP architectures tend to be more compact than their RBF counterparts (often
by an order of magnitude) as it is more e�cien t to describe decisionboundariesthrough a spacethan to map each
distinguishable point. RBF networks on the other hand tend to be better at generalfunction interpolation and can
also be designedto indicate if the input pattern is within the known domain of the original training data. Finally
RBF networks can tend to have better interpolation performance if the outputs from the intermediate (hidden)
nodes are positive and normalised, as this forces the network to interpolate between limits set by the maximum
contribution of the weights connecting to the output layer. Speci�c choice of neural architecture can also impose
a direct probablistic interpretation on internal network function [19] as well as just the training algorithm, as will
now be describe below.

4 Statistical Optimalit y Criteria

One of the most important results to emergefrom the neural network literature in recent yearsis that under certain
conditions they can be shown to estimate Bayesian conditional probabilities. These conditions involve selection
of a particular training regime and a complementary optimisation function. For example, the most common
optimisation function is the least squareserror criteria which summedover the entire data set for output k gives

Ek =
X

n

(o(I n ) � tnk )2
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where tnk is the nth training output and o is the output from the network for a particular input I n . The obvious
interpretation for this training algorithm is that our training outputs are Gaussiandistributed random variables.
However, wecan alsoshow that there is another link with probabilit y theory which is broader in scope and therefore
much more powerful.

Provided that we are training with data which de�nes a 1-from-K coding of the output (ie classi�cation) we can
partition the error measureacrossthe K classesaccordingto their relative conditional probabilities p(Ck jI ) so that

Ek =
X

n

X

k

(o(I n ) � tnk )2 p(Ck jI n )

expanding the brackets

Ek =
X

n

(o2(I n ) � 2o(I n )
X

k

tnk p(Ck jI n ) +
X

k

t2
n p(Ck jI n ))

=
X

n

(o2(I n ) � 2o(I n ) < tk jI n > + < t2
k jI n > )

where < ajI > is the expectation operator of a at I n . By completing the squarethis can now be re-written as

Ek =
X

n

(o(I n )� < tn jI n > )2 +
X

n

var(tk jI n )

The last term is purely data dependent so that the only e�ect that training can have is to minimise the �rst term
which is clearly a minimum when o(I n ) = < tk jI n > . For a 1-from-K coding of the output and in the limit of
an in�nite number of samples< tk jI n > = P(Ck jI n ). Thus under theseconditions neural networks trained with
the least squareserror function will approximate conditional probabilities of classi�cation. Notice that the error
function itself E is not necessarilyde�ned as an expectation value (as it is in [19]) and the output will estimate
conditional probabilities provided that the ratio of output samplesnecessaryto de�ne < t k jI n > at each point I n

in the data set is preserved. This suggeststhat in many problems a set of training data can be `thinned' by a
clustering processand the data at each distinguishable input position averaged,in order to reducenetwork training
time, without lossof this useful interpretation of data output.

Another cost function often de�ned for network optimisation is the cross-entropy function

Ek = �
X

n

tnk log(o(I n )) + (1 � tnk )log(1 � o(I n ))

This is motivated by the assumption that desiredoutputs tnk are independent, binary, random variables and the
required output network responserepresents the conditional probabilit y that these variables would be one. The
proof of this follows as above with the intro duction of the partion of the classi�cation state over the one and zero
caseseventually giving

Ek = �
X

n

< tk jI n > log(o(I n )) + (1� < tk jI n > )log(1 � o(I n ))

which when di�eren tiated with respect to the desired output shows that this function is minimised again when
o(I n ) = < tk jI n > . Again for 1-from-K classi�cation problems these conditional expectations are the Bayesian
probabilities.

In practical circumstancesthere has beenvery little evidenceto show that either of thesemeasures(least-squares
or cross-entropy) result in signi�can tly better performance than the other, though it is interesting to note that
theoretically there are strictly de�ned domains for correct application. What is important from the algorithmic
point of view is that once we have shown how neural networks can approximate conditional probabilities they
are no longer black boxes with ill de�ned magical properties. In particular neural networks can only achieve
Bayesoptimal classi�cation and estimation behaviour and therefore cannot out-perform the appropriate standard
methods if one is applicable. As will be shown later however, there are someapplications where direct estimation
of conditional probabilities represents a useful step forward in algorithmic practice.

5 Training

For many network architectures once the cost function has been speci�ed the training of the network can be
accomplishedby treating the problem asoneof standard parameterestimation. Many networks (particularly RBFs)
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can even be trained by making use of psuedoinversetechniques [5] (commonly singular valued decomposition).
However such techniques are generally unwieldy for large networks and iterativ e techniques, requiring lessdata
storage, are preferred. These techniques are even applicable to problems in adaptive control and the extended
Kalman �lter can be usedto update the weights in an optimal (least-squares)manner. For the remainder of this
report we will concentrate on the standard back-propagation algorithm and extensionswhich lead eventually to
the standard conjugate gradient schemes. None of these minimisation techniques are particularly speci�c to a
particular network architecture or optimisation function and the basic approach can be used to develop learning
algorithms for any feed-forward network.

Back-propagation is a training algorithm used to make a layered network learn a functional mapping between a
set of input patterns and their respective outputs. The networks take the form of a set of input units connected
by wires to an arbitrary number of hidden units, which are connectedin turn to output units. It is assumedthat
each unit in the network is a simple processingelement. Theseproduce an output which is simply a di�eren tiable
function of the sum of the weighted inputs from the nodes to which it is connected. In principle any unique
mapping can be learned, in practice however there are several numerical problemswhich have to be addressed�rst.

The �rst problem is that the original gradient descent method (and its modi�cations) have a number of free
parameterswhich a�ect the convergenceof particular networks di�eren tly . The best parameter valuesfor a given
network mapping cannot be predicted in advanceand slight misjudgement in the choice of these parameters can
causeproblems with convergence.Also, no methods yet exist for predicting the optimal network architecture for
a given mapping problem. Thesetwo factors make the application of such networks to even the simplest problem
di�cult, becauseif a particular network doesnot convergewe may not know which is responsible. Also, there is
no guarantee that choice of the correct parameters and architectures will generatea particular mapping. This is
becausethe back-propagation algorithm is a minimisation algorithm which is subject to the samelocal minima
di�culties as any other such method.

Network modulesare likely to grow larger as the problems they are usedto solve becomemore complicated. It has
thus been consideredimportant to try to improve the training algorithms and seeif any better methods can be
found which have fewer unknown factors and are lesssensitive to the starting conditions in the untrained network
(ie robust). We may then be able to develop systematic methods for the application of thesenetworks to speci�c
classesof problems.

6 Back-propagation by Gradien t Descent

The training of the network can be envisagedas the minimisation of an error function En

En =
X

k

(ok � tnk )2

where tnk is the required output from node k for input pattern n. This (least squareerror) is the best quantit y
to use if the training data is expected to have uniform Gaussianerrors and also for the reasonsmentioned in the
previous section. This equation allows the calculation of the quantit y @En =@wij by repeated application of the
chain rule.

@En =@wij = @oj =@wij :@En =@oj

@En =@oj =
X

k

@En =@wj k :wk j =oj

For the sigmoid transfer function given earlier this derivative calculation is of a particularly simple form. Most of
the computation necessaryis done during the forward passso that we almost get the derivative information free
[15]. Calculation is done starting from the output layer and working backwards towards the input layer hencethe
name back-propagation. Training can then be achieved by changing all of the weights in the network by a small
amount in this direction.

� wij n = �@En =@wij

Where � is known as the learning rate and simply determines how far each minimisation step attempts to move
in the downward direction.

At �rst this appearsa sensibletraining strategy as the data can be presented in any order and there is only one
free parameter � . However, this one free parameter is not easyto chooseas too small a value will result in a long
convergencetime and too large a value will result in unstable learning. Further the optimal value will vary during
minimisation thus the method cannot be expected to reach the minimum in all cases.Worsestill is the fact that
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there is no e�ectiv e way of monitoring the overall learning state of the network. Although the network will improve
its abilit y to reproduceeach particular output at each step there is no reasonto expect that this improvement will
not be undone by somefuture learning step. In fact as a minimisation method this is almost certainly the slowest
and least robust of all. Someof theseproblems are however solvable as will be shown below.

7 Back-propagation with Momen tum Terms

The �rst thing to do is to adopt the method generally referred to as batch training and de�ne the error function
so that it encompassesall of the available data. Then the total error function is simply rede�ned as

E(� ) =
X

n

En

with
@E(� )=@wi j =

X

n

@En =@wij

Now we can use this quantit y after each epoch � of training (one epoch de�ned over the whole data set) as a
measureof the successof the training. Also we can modify the learning algorithm to include an extra term

� wij (� ) = �@E(� )=@wij + � � wij (� � 1)

� is generally called the momentum term and does two things. First it smooths out local irregularities in the
minimisation function allowing the gradient descent to follow a consistent path. Secondlyit allows the minimisation
processto increasein speedwhen there are long periods of identical gradient evaluations.

Theseproperties make this method an order of magnitude more e�cien t than the previous. Despite theseimprove-
ments, it is this \V anilla" form of the back-propagation algorithm, with two unknown free parameters, which is
unreliable and requiresmuch e�ort to obtain repeatableminimisation for a particular problem. Yet it is this form
of back-propagation which is the baselearning algorithm for much research.

8 RPR OP.

RPROP is an acronym for \Resilient Back-Propagation" and is a locally adaptive learning schemewhich aims to
improve the robustnessand speedof the \V anilla" scheme. The technique is basedon the assumption that there
will be some instabilit y in the gradient estimation processwhich will lead to oscillatory e�ects during network
performance optimisation. The training regime attempts to overcome this problem by removing the harmful
in
uence of the sizeof partial derivatives in order to stabilise the weight modi�cation process.As a consequence
only the sign of the derivative is consideredto indicate the direction of the weight update. The sizeof the weight
changeis exclusively determined by an update value � ij (� ) according to

� wij (� ) = � � ij (� ) ; if @E(� )=@wij > const

� wij (� ) = + � ij (� ) ; if @E(� )=@wij < const

� wij (� ) = 0 ; else

where const is determined according to machine precision and the update valuesare computed according to,

� ij (� ) = � + � ij (� � 1) ; if @E(� � 1)=@wij @E(� )=@wij > const

� ij (� ) = � � � ij (� � 1) ; if @E(� � 1)=@wij @E(� )=@wij < const

� ij (� ) = 0 ; else

Where � + and � � are prede�ned constants. This algorithm has beenshown empirically to have good convergence
properties, particularly for problems which have irregular error minimisation surfaces(ie those which are not well
approximated by a quadratic). Full details can be found in [20].
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9 Back-propagation with a Simple Feedback Lo op

In order to understand the problem of network training stabilit y it is instructiv e to automate the selection of
learning rate using feedback information. Before we do this it is best to reformulate the calculation of the weight
change.

vij (� ) = @E(� )=@wij + � vij (� � 1)

� wij (� ) = �v ij

� must be chosenin the range 0-0.5 if the previous direction calculations are not to have greater signi�cance than
the current derivative in the calculation of the new minimisation direction vij (� ). This value is thus easier to
specify than the � term and a value of 0.3 is normally used. These changesgive � better control of the learning
rate and make the new term � responsible solely for smoothing the direction of descent. Also, It should be noted
that this formulation is directly comparableto that of the conjugategradient method which will be described later.

Using the derivative information we can explicitly compute the expected reduction in the error function by prop-
agation.

� Ee(� ) =
X

ij

� wij (� )@E(� )=@wij :

Where the summation subscript ij implies all wires in the network. This can then be comparedwith the achieved
value, if they are almost equal (within a few percent) then the linear prediction from the gradient is accurate so
we must be on a downward slope relatively free from secondorder terms and we can therefore increase� with
safety. If however the prediction doesnot agreewith the results we must proceedmore cautiously and the learning
rate must be reduced. The required rate of changeof the learning rate is a direct measureof the stabilit y of the
training process.

An algorithm of this type has been found to be signi�can tly faster than the previous methods and also more
stable. The method is not entirely robust as occasionally the feedback mechanism cannot respond quickly enough
to local changesin the gradient of the error function. This can however be remediedby storing the last successfully
computed point and this is a generally useful strategy for all training algorithms.

Other researchershave implemented feedback modi�cations basedon the achieved minimisation at each step [25].
These can be implemented as simple extensions to the original algorithms and result in a similar increase in
minimisation speed.

10 Back-propagation Using Conjugate Gradien t Descent Metho ds

In order to remove the �nal free parameter from the minimisation processwe must �nd someway of determining
the optimal value for � locally. In fact an existing minimisation method, known as conjugate gradient descent,
does just this and in a way that can be shown to produce an e�cien t search for the minimum. The algorithm
assumesthat we wish to take steps in an approximate downhill direction vij (� ) (as above) such that each step is
always conjugate to any of the previous steps. This removes the oscillatory behaviour of pure gradient descent
methods and is super-linearly convergent (ie fast) in the region of a quadratic minimum. It can be shown that
such directions can be constructed iterativ ely from the error derivative provided that each derivative evaluation is
done at the minimum along the direction of the previous conjugate direction (for details seeNumerical Recipesin
C. 1988) with

� (� ) =

P
ij (@E(� )=@wij � @E(� � 1)=@wi j ):@E(� )=@wij

P
ij @E(� � 1)=@wij :@E(� � 1)=@wij

As successive derivative directions are generally orthogonal, this is no more than the squareof the magnitude of
the new derivative divided by the square of the old. This is the Polak-Ribiere implementation of the algorithm
which allows the direction to revert to the downhill direction when in di�cult y. Implementation requiresa method
of �nding the � (t) which givesthe minimum of the error function in this direction and in doing so also determines
its optimal value for each step.

This linear search for the minimum has to be done in two stages,�rst the minimum must be bracketed and then
the position of the minimum needsto be determined to a speci�ed accuracy within this bracket. One method
for bracketing the minimum is a down hill step search, combined with parabolic extrapolation oncethree or more
evaluations have been done. The minimum can then be located using a golden section search algorithm [18],
one of the simplest and most robust methods for this task (given that the error function is not likely to be well
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behaved). The number of function evaluations in each line minimisation can be regulated using the required
fractional minimisation at each step without any lossof robustness.

This algorithm is the most stable of all the iterativ e methods mentioned so far, though RPROP has beenfound to
cope better with multiple minima. It has essentially no free parametersas they are all either determined at each
step or speci�ed by the 
oating point accuracy of the implementation. However, the e�cien t search through the
minimisation spaceis o�set by the increasednumber of function evaluations so that the overall minimisation time
is approximately the sameas for the methods with feedback. Also, its very robustnessnow heightens the problems
associated with encountering local minima which have to be addressed.

11 Problems with Lo cal Minima

Knowledgeof the expectederrors on the training data should be usedto determine a sensiblevalue for the desired
error function and oncebelow this there can be little point in attempting to leave local minima. Indeed continuing
minimisation may be entirely the wrong thing to attempt as any local minimum may embody a logically viable
solution. However, if considerablecomputing time has been invested in training and a local minimum is found,
such that the value of the error function is not satisfactory, then it would make senseto try to �nd a way out of the
local minimum so that learning can continue, rather than having to restart the training from a di�eren t (probably
random) position.

The conjugate gradient minimisation algorithm described above is extremely robust and can be implemented in
such a way that it never fails to �nd a minimum. However, there is no guarantee that the minimum found will be
the `true' global minimum or even closeto this. The lessrobust gradient descent methods can sometimes`tunnel'
out of theseminima, but the conjugate gradient descent method will be stuck. Much work has already beendone
on this generalminimisation problem but in the caseof network training with a least-squarescost function there
is a method available which requires only a slight modi�cation of the existing algorithm.

Ignoring for the moment the statistical interpretation of the error function, the choice of norm is in most respects
arbitrary . In fact we can chooseany continuous di�erence metric we like, to quantify the di�erence between the
obtained and the required output. Speci�cally we can useany metric of the form

E(� ) =
X

n

h(
X

k

g(ok � tnk ))

which will force ok = tnk after training. We can expect di�eren t forms of this error function to have di�eren t local
minima in many casesand we will generally expect only the global minimum to be reproducibly coincident. We
can usethis as a basis for a controlled method of walking out of local minima.

When a local minimum is encountered the value of the error function is stored and a di�eren t error function is
useduntil the evaluation of the old function is lessthan the stored value. By de�nition the new position must be
outside the region of the previous local minimum and we can revert to the original error function in order to regain
a statistical interpretation for the performanceof the trained network.

The preferred error function for this purposeis

E 0(� ) =
X

n

(
X

k

(ok � tnk )2)2

as this leadsto a simple extension to the existing derivative calculation

@E 0(� )=@wij =
X

n

X

k

(ok � tnk )2@E(� )n =@wij

This was motivated by the observation that local minima were often the result of a few badly learned mappings
and placesemphasison their contribution to the error function and its derivative. In most minimisation problems
encountered this method hasbeenfound su�cien t to escape local minima, allowing minimisation to continue using
the original error function.

12 Statistical Testing

The �nal problem encountered in the application of neural networks to a practical problem is in understanding
network performance. This processis fundamental to the problem of trying to select an optimal architecture for
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the mapping task. The �nal cost function value after the training processprovides only a best caseestimate of
performance. Further, increasing the complexity of the network will always improve the abilit y of the network to
map the training data though this may reduce the abilit y of the network to provide accurate outputs for unseen
data. This problem is generally referred to as the bias-variance dilemma [9].

In order to check that a particular trained network will `generalise'to unseendata, it is commonto withhold some
proportion of the data from training and then test with this data. For small quantities of initial training data this
can lead to the problem of having insu�cien t data for either training or e�ectiv e testing. The common solution to
this problem is known as `jack-kni�ng' or the `leave-one-out' strategy. One data point is omitted from the data set
and a network trained on the rest. The performanceof the network is then tested on the remaining point. This
processis then repeatedwith the samearchitecture initialised with di�eren t random weights, each time removing a
di�eren t data point. By this processwe eventually build up a statistical estimate for the generalisationcapabilities
of a particular architecture type which can be compared acrossseveral architectures to determine the best one.
Recently it has been suggestedthat it may be possibleto estimate the performanceof a network by using what
is e�ectiv ely a Bayesianstabilit y analysis with the original data [17]. If this method is correct then it provides
a way of estimating the generalisationabilities of a speci�c network (and weights) while also allowing training on
the complete data set.

In somecaseswe wish to use a network to map an output from an ordered sequenceof values, such as temporal
measures. In this caseit is possible to use a wide range of correlation measuresto verify the adequacy of the
mapping [4]. Strong correlations betweenpoints of �xed separation in time will indicate a functional bias.

13 Mac hine Vision Applications

13.1 Feature Detection

As mentioned above, neural networks can be useful in machine vision in circumstanceswhereconventional methods
do not provide outputs which are well related to conditional probabilities. One exampleof such a processis feature
extraction, such as edgeor corner detection where a network can be taught the mapping from a region of image
pixels to an output central pixel label. Conventional detectorsare often basedon ideasof imagecalculusand deliver
results which can be systematically wrong (in terms of a strict de�nition of a real 3D feature) and unreliable. One
possiblebarrier to using neural networks is that the scaleof the learning problem is vast for reasonablesizedinput
image patches. In order to reducethe scaleof the required mapping it is sensibleto perform image normalisation
before inputting the data to the network (�gure 2). Each factor 
 of unnecessarydata variation which is removed
will reduce the overall size of the network required to learn the problem by the samefactor and will reduce the
total learning time by as much as 
 3. By training a neural network to extract features from imageswe get several
bene�ts. Firstly if we can correct systematic e�ects in the detection algorithm during generation of training data,
the neural network will learn to extract the feature without bias. Secondly the neural network can be made to
deliver conditional probabilities for the detection processso that we will know not only where a feature is but
how likely it is to be recovered in subsequent frames of the samescene.Thirdly , the network training processcan
explicitly take into account e�ects of quantization and the actual active area of the image pixel sensors.Finally,
neural networks provide a common computation framework allowing the construction of compact generalpurpose
feature detection hardware.

13.2 Ob ject Lo cation

A technique which has received much attention in the literature in recent years is point distribution modelling.
This technique can be usedin a supervisedtraining regimeto learn the allowable variations in shape and grey-level
values for a set of image data. Theseconstraints can then be used in a relatively e�cien t manner in the process
of object location. The simplest correlations between position and grey level variation are based on standard
statistical assumptions of linear independenceand Gaussian distributed data. However, for some objects these
correlations may be distinctly non-linear and such techniques are inadequate and can result in poor performance
during object location. In such casesa neural network can be usedto generatean alternativ e representation of the
input data such that linear independencecan be assumed [22].
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13.3 Data Fusion

A problem that arises frequently in machine vision is that of data fusion, how to combine data from separate
decision/classi�cation systems. Often if the output of two modules can be interpreted as conditional probabilities,
we may be tempted to multiply the outputs of two systemsin order to get an overall result

p(Cm jA; B ) = p(Cm jA)p(Cm jB )

Strictly this combination processis only correct for uncorrelated events. As a neural network estimatesBayesian
probabilities we may instead choose to train a network to estimate a combined response from two classi�ers.
However, in this casethe network will not estimate p(Cm jA; B ) but instead p(Cm jp(Cm jA); p(Cm jB )). If we are
in the processof constructing a hierarchical classi�cation system and want to work with partial data sets to
form intermediate probabilities this is a sensibleway to solve the problem. In addition if the vector of output
classi�cations p(CjX ) allows us to uniquely specify the original input data X for each X then

p(Cm jp(Cm jA); p(Cm jB )) = p(Cm jA; B )

asno information is lost due to the initial classi�cation processes.For su�cien tly rich classi�cation classeswe may
expect this condition to be approximately true. This data combination processhas beenapplied to the problem
of texture classi�cation and segmentation [1].

13.4 Ob ject Recognition

The problem of general purposeobject recognition has long vexed the machine vision communit y. The mindless
application of the networks described herewould not be expected to be fruitful for this task becauseof the scaleof
the learning problem. However, Wechsler has demonstrated [26] that by applying suitable pre-processingschemes
(�gure 3) to image regionssomeuseful recognition abilities can be learned.

13.5 Rob ot Con trol

Another useof thesenetworks is in solving the inversekinematic problem [6]. This is the problem of �nding the
optimal way of converting from normal cartesian co-ordinates into the con�guration spaceof robot joint angles.
The forward calculation from joints to spaceis trivial, given an adequate model of the robot, but the inverse
kinematic problem was de�nitely not. However, it is such mappings as thesethat neural networks learn with ease.
Many examplesof the forward kinematics and the resulting robot arm position are usedas training examplesfor
the network. This processis often referred to as inversesystemidenti�cation. Oncetrained thesenetworks provide
quicker solutions than the conventional computational approaches.

This elegant solution suggestsmany potential applications of networks to inversemapping problems, for instance
\shape from " modules [12]. Hence, feed-forward networks must be consideredas a useful tool for solving many
computational problems.
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Figure 3: Object Recognition

14 Soft ware

Finally, on the subject of neural network research, it remains for me to point out that a considerablequantit y of
software has been written in both the industrial and academicsector for the application of neural networks. It
thereforemakessenseto try to makeuseof such softwarein future work, rather than haveto reimplement everything
that hasbeendonebeforeby many other peoplebeforethe processof application research can commence.In many
casesit is sensibleto visualise the data, particularly before attempting neural network classi�cation. As if the
data is trivially separable,neural network approaches may be unwarranted. The package XGOBI, available as
free software from CMU is ideal for this task. For the purpose of network generation and training I would
recommend the Stuttgart Neural Network Simulator (SNNS) [27] which is available as free software from the
University of Stuttgart. This software is easy to use and well documented, with complete descriptions of the
various training algorithms and architectures. Finally, in order to manipulate imagesto generatedata for training
I would recommendour own TINA vision system [24] (available asfreesoftware from the University of Manchester)
which comescomplete with many standard vision algorithms and interfaceseasily with theseother two packages
on UNIX platforms.

15 Conclusion

A brief overview of the design of neural networks and their potential for use in machine vision applications has
beengiven. A more completedescription of individual network algorithms can be found in [14] with a more up to
date review in the follow up paper [10]. There are also somevery good textb ooks available [2, 26].

The fundamental aim of AI research must be to develop systemswhich are capableof learning so that they are not
limited to the knowledge available at the time of construction. Such systemsmay then be capable of extending
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their knowledge and eventually exhibiting truly intelligent behaviour. In this respect neural network research is
currently one of the few �elds which may be able to support arti�cial intelligence.

However, if neural networks are to provide a full solution, some key issuesstill need to be answered. Flexible
architectures need to be developed which can cope with the problems of noisy data and can e�cien tly combine
multiple sourcesof information. Architectures such as this have been suggestedin the literature but are highly
specialisedand beyond the scope of this general review [23]. Integration of the temporal dimension into network
function will also be important for a large class of applications [16]. Algorithms need to be developed which
train and modify these networks automatically in a robust manner [13], or at least allow a working de�nition of
e�ciency by which to optimise the network architecture for a given problem.
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