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Abstract
Standard algorithms for segmenting multi-spectral images use only the spectral information

recorded at a given pixel to classify it. In contrast, standard algorithms for segmenting

monochromatic images make use of the local microstructure, or texture, of the image in a
neighbourhood of each pixel for classification. This thesis aimed to fuse these two approaches

by developing classification algorithms that make full use of both spectral and spatial structure

and any cross correlation between them. The algorithms are based on the examination of the

local micro-structure of coloured images, i.e. on the study of multi-spect¡al texture. The

research undertaken demonstrates that algorithms making use of multi-spectral texture can be

constructed that produce better classifications than standard algorithms at comparable

computational cost.

In particular, the thesis presents two new families of classification algorithms for pixel

classification based on multi-spectral texture. Both families outperform a conventional equal-

priors maximum likelihood classifier whose inputs are only the spectral values at a pixel. The

first family is based on the comparison of neighbourhood inter-band spectral covariance

matrices with representative mat¡ices for each class. Good results were obtained but a number

of ad hoc choices and modifications were needed to produce a really effrcient algorithm. The

second family is based on the use of multi-layer perceptrons (a particular type of aÍiflcial neural

network). Networla were constructed for arunge of inputs, from spectral information available

at a single pixel up to all information available in a 3x3 neighbourhood of a pixel. In all cases

the networks were competitive with the standard classifrer. Moreover classification accuracy

improved considerably upon the addition of neighbourhood information, with best results being

obtained when spatial stn¡cture was used to organize the presentation of texture inputs. Various

other forms of pre- and post- processing were also shown to improve the performance of

network-based classifiers. A network-based classifler that uses spatial context was proposed

and shown to be viable using synthetic data.
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Chapter 1

Introduction

Summøry: This chapter provides an overview of the work described by this thesis and an

introduction to certain aspects of the classification of multi-spectral images. It reviews relevant

work on the improvement of classification accuracy by the use of spatial information through

the use of texture and the use of context. The final section highlights the sections of work that

are orig inal contributions.

1.1 Overview

This thesis is concerned with the integration of spectral and spatial features for the

classification of multi-spectral images. Some novel techniques, involving spectral covariance

comparison and a¡tificial neu¡al networks, have been used to improve classification accuracy of
spectral data with an underlying spatial stmcture.

The kind of image data of interest is that in which each sampling site (pixel) on a lattice has

associated with it a vector of measured values. Some examples of sources of this kind of data

a¡e the Landsat 7-band thematic mapper (TM) [Engel83], the 1l-band Dædalus airborne

scanner, the proposed =200-band HIRIS (hyper-spectral) scanner for the Earth Observation

System (EOS) [Dozier88] and the proposed multi-band, multi-polarization SIR/C radar

Uordon9l]. The techniques covered in this resea¡ch are also of interest in an area of data

fusion, where each vector component could represent a measurement from a different kind of
sensor. Hence in this discussion the term "multi-spectral" is meant in the most general sense.

The term "spatial featute" is used here to indicate a derived feature that is a characteristic of
the local image stri¡cture. Thus measu¡ements of spatial features are functions of the data in the

neighbourhood of the pixel to be classified. For example, in classification of TM multispectral

images, the spatial features, interpreted as texture, convey information to an image interpreter

that is not available to a purely spectral classification system. In fusion of data from visible and

radar images, the consideration of spatial features is important because of the radar image

speckle phenomenon which requires some spatial (neighbourhood) processing.
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Image classification is defined to mean the assignment of class labels to sub-areas of an

image, in particular to pixels. The dual of image classification is image segmentation in which

the boundaries defining areas containing pixels of the same class are identifled. lmages

collected by satellite are routinely classified to identify vegetative ground-cover and surface

geology. Often classifrcation is done by measuring class-typical parameters from a reference

set of pixels for each class of interest, and then using Bayesian classification involving a

maximum likelihood (ML) classifier to sort pixels into thei¡ most likely classes. Classification

accur¿rcy can be measured by dividing known samples (reference sets) into two arbitrary sets:

training sets and test sets. From t¡aining sets class-typical parameters are estimated The test

sets are then classified using the estimated parameters and used as the basis of the accuracy

measure.l

The combination of spectral featu¡es and spatial features for classification has been discussed

in the remote sensing literature but mostly from the point of view that spatial features a¡e

monochromatic. Spatial features are usually generated from one band (only) of a multi-band

image, making them essentially measures of monochromatic texture. Alternatively, some

researchers have used spatial cha¡acteristics to refine a spectral classification through the use of
prior information about the spatial structure of the (true) pixel labels. This latter approach is

complicated by the need to estimate the priors.

There is a need to derive spatial features from a multi-spectral image as a whole, to fully use

the spatial structure information in each band. For example, in a256-bartd image a single band

may not contain adequate spatial cues to form useful spatial featu¡es. There is a useful analogy

with the extraction of objects from a sequence of images. While an object may be apparent

from the images played in sequence, in many cases no individual frame contains enough data to

identify the object. Similarly, while all spectral bands may contain the sought spatial

information, no single band contains it all.

Two approaches have been explored in the thesis. In the first approach localized spectral (i.e.

inter-band) covariance matrices were used as a feature to be classifred and a measure developed

to compare covariances. In the second approach artificial neural networks (ANNs) were used

to learn firstly spectral characteristics and later spatial featu¡es from a neighbourhood. The

majority of research effort centred on the latter class of techniques.

The techniques have been tested on a limited sample of remotely sensed images. The

limitation is simply caused by the ever-present problem of obtaining detailed ground-truthed

data for wide-area classification.

Matching of local inter-band cova¡iance matrices is a promising way of classifying multi-

dimensional image data, but required some ad ftoc choices and modifications to produce an

algorithm. Best results were obtained when used in a hybrid system in conjunction with a

standard spectral only ML classifier that uses spectral information only.

lThi. i, chosen as a fair way to measure accr¡racy, in the sense that it gives an estimate with a rnildly pessimistic bias.

The problems of measuring classification accuracy a¡e discussed in the statistical literature. (e.g. [DevijverS2]).
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The use of a multi-layer perceptron (MLP), a particular type of ANN, was validated for

classification of spectral data and later extended to use some spatial information. Classification

accuracy of a (spectral only) MLP classifier equalled or exceeded the accuracy of the

benchma¡k ML system in all cases tested. Classification rccltnacy improved considerably with

the addition of information from a 3x3 neighbourhood of the pixel to be classified.

Va¡ious forms of pre-processing have been tested as a front-end to the MLP classifier. The

most useful data manipulation involved feeding the MLP with spatial subsets (cliques) of the

neighbourhood of the pixel to be classifred. Whilst this data-structuring produced only a
marginal improvement in accuracy, it substantially reduced the MLPs complexity.

Learning systems, such as the MLP are said to have emergent properties meaning they æe

able to capture a hidden indivisible model of the learnt information. A cha¡acteristic of leaming

systems with emergent properties is their inscrutabilityl. Some illumination of the internal

representation in MLPs, trained for multi-spectral classification, was provided by visualization

techniques. Some novel methods were explored.

Conventional classification schemes have been extended to include spatial context as a

source of further information to improve classification accuracy. This thesis proposes a

suitably modified MLP topology that could learn context.

In the remainder of the introductory chapter, section 1.2 describes the classification process

as applied to multi-dimensional data, section 1.3 describes techniques used to identify spatial

features in images while the final section, section 1.4, sets out the original contributions of this

thesis.

1.2 Classification of multi-spectral images

This section briefly summarises common approaches to classifrcation of remotely sensed

multi-spectral images and establishes notation to be used in describing them. Skeletons of
some standard derivations a¡e given in order to analyze assumptions inherent in the

classification schemes.

To assist formal description of supervised classiflcation we introduce a concise definition of
adigital imageX

X = {x*tl (k,t) e L, x¡¡e Gl (1.1)

whereLis adiscretefiniterectangularlattice L= {(k,t)lk=|,...N¡,1=1,...N,}, and G is the

set of allowed discrete values for x¡¡. V/e speak of each site (k,l) as a pixel and we consider the

digital image to be a set of samples x¿ taken at pixels (kt) of a real image which is a continuous

valued function of position. It is common for a pixel to be considered to be a small rectangular

area, and where this is appropriate, we consider a pixel to be centred on the point (k,I) and of a

size such that all pixels are the same size and completely tile the image.

1Tlr" t"r- inscrutable was coined in this context in a paper on lhe Bayesian underpinning of the maximum entropy
method [Tribus88ì.
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We define a monochromatic digital image to be an image X where each x¡¡ is a scalar (¡u)

rest¡icted to take only a finite set of values, x¡¡e G ={0,.../Vg-1} where N, is the number of
grey levels. In general, the value of the scalar .r/d represents the radiance value sampled for

pixel (/ql), but it may represent ariy measurement sampled at pixel (/qD.

We define a multi-spectral digital image to be an image X where the value of r¿¡ is a (pattern)

vector with scalar components which are rest¡icted such thatx¿¡r e {0,...4-l}, i = I ...M. ln
general, an element r¿¡¡ roprosents the value of radiancel in the lth spectral band., in which case,

M is determined by the sensing device: common examples arc M = 3 for a colour
(trichromatic) TV picture, M = 4 for Landsat MSS, M = 7 for Landsat TM and M = ll for the

Dædalus airborne scanner. However, there is no inherent rest¡iction on the source of data

represented by a component of the pattern vector. The pattern vector .r, will also be referred to

as a featu¡e vector indicating that it may comprise components derived from measurements as

well as the measurements themselves.

lnput
lmage

Output
lmage Model

I
I

J

Fi gure 1.1: Supervised classifl cation.

This thesis addresses the task of supervis¿d classification of multi-spectral images.

Figure 1.1 depicts this task in a block diagram. The aim is to classify every pixel in the given

image into one of a number of classes. The input to the system is an image comprising data

from anumber of spectral bands (indicated by the multiJayer block) and the limited knowledge

of a (human) supervisor. The supervisor identifies a number of known areas to be used as

templates for classifying the whole image. The sets of reference data (training sets) taken from

the lnown areas are used to generate parameters which characterize the classes. These

I D"r" frorn remote sensing platforms are radiance values which are measurements of either the brightness of reflected
sun illumination or of re-radiation from the area on the ground corresponding to a pixel. For multi-spectral data,

elements of the vector are observations of the same ground area made through filters, which provide spectral radiance

values for defined spectral pass bands. (An actual spectral pass band is determìned by the product of the filter's spectral

respotrse and that of the detector.) In analysis of image data each band defines a corresponding dimension of the data
vector at each pixel.

4
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parameters are then used to classify the whole image. Implicit in the system is a model of the

data which allows the essential features of the training sets to be distilled into a few parameters.

Unsupervised classification, which amounts to clustering of data, is also used in processing

remotely sensed images. However, it is not considered here as a subsidiary goal of this thesis

was to look for class characæristics that could be useful on more than just the original image

used for training. Clustering systems produce results which are a function of the data that

appears in the particular image being processed. Such data dependency, while flexible, runs

counter to the concept of being able to transfer class descrþtions from one image to another in

the form of (parameterized) spect¡al/spatial signatures.

We define classification of an M-band multi-spectral image of size N = Nr x Nr , to be a

mapping

/' (nY ) d)N 0.2)

where IRisthesetofrealnumbers andQ = {a,,1 r= 1,...R} is thesetof allpossibleclasses.

A "classifled image" is an image consisting of class labels Z= {zrl(t,l) e L, z*te O} where

z*t= a, + r¿¡ cornes from class o,. We assume that the lattice L has associated with it a

true but unlrrown set of labels T= {tal(k,l)e L,t¡1e O}. During classification we want to

assign labels Z lo L, that are in some sense a best guess of I, given that we are only able to

observe image data X. The best assignment, in the Bayesian sense, is the particular Z which

minimizes the cost of misclassification:

"'rq,[ ) la(z,r)p(rlx))'.l (1.3)
ka" lTea* I

where a(Z,f) is the loss associated with the assignment of labels Z when the true labels are Z,

anO p(flX)is the probability that the true labels could be generated, given the data. This is

almost always rewritten using Bayes rule as:

*i"..[ ) la(z,r) P(xlr)P(fl)l (r.4)
ka" lreo* I

where the denominator term of P(X) has been neglected because it does not change over the

range of parameters.

In conventional schemes of multi-spectral classification, (1.4) is made computationally

feasible by making two assumptions and choosing an appropriate loss function:-

ASSUMPTIOT¡ A1: The description process is local; i.e. no characteristics from pixel (k,l)

are affected by characteristics of pixel (ij) htk, j+1.

r(xlr)= fI P(nlr) (1.s)
(teD eL

ASSUMPTION A2: The pixel's labels are independent; i.e. there are no inter-pixel

dependencies and

P(r)= lI Pþr,) (1.6)
(k,l) e L
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When it is desirable to incorporate spatial properties these assumptions will not be

appropriate (see section 1.3).

Loss FUNcuoN Ll: In situations where the classes have no arithmetic relationship to

each other (e.g. land, sea, trees), and hence measures such as Euclidean distance are

meaningless, a useful loss function is to assign zero loss for correct joint assignment

and unit loss for incorrect assignment.

d(Z,T)=
0 if 4¡= ttt Y (k,I) e L

1 otherwise
(1.7)

Given assumptions Al and Á^2, (1.4) becomes

min
7ÆQN

a(z,r) ll r (xr,lto,) r (

(ßt) eL
I
\

( 1.8)

TeON

Using the loss function Ll, the Bayes decision rule is to choose, pixel-by-pixel, the zt¿thal

satisfies

max [r (xo¡lzor)p krì) (1.9)
Z¡ç¡et2

(see [HaralickS3] for a proof). If we define the particular set of discriminant functions,

g{¡) = P (xla,) P (a,), r = 1,...R, is possible to rewrite (1.9) as

zt t= c4 <å 8,(ru) > 8"(r*¡) V 4 s = 1..'R, r+ s (1.10)

which leads to a simple scheme for implementation (figure 1.2). The concept of discriminant

functions is also of interest in visualizing how M-dimensional spectral space is partitioned into

regions corresponding to classes. This will be relevant when discussing the functioning of
image-classiffing artificial neural networks.

Figure 1.2: The classification process; pixel-by-pixel class assignment.

Under conventional Bayesian maximum likelihood classification, the discriminant function

is calculated by modelling the probability density functions of classes as multi-variate normal

with known pararneters. The parameters, m, (the M-vector of means) and C, (the M x M

covariance matrix) a¡e estimated by observing the pattern vectors of elements of a training set.

A further common assumption is that of uniform prior probabilities; i.e. equally likely classes

6
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are assumed (especially when there is no information about a particular class)

assumptions lead to a discriminant function g, of the form

glx) = -toglc.l - (x-m,)'c)'(*--,)

(see [RichardsS6] for derivations).

These

(1.1 1)

The assumptions of multi-variate normal and uniform priors are clearly not always correct

but in practice lead to surprisingly robust classifiers. ÍIowever, there is a specific cæe when the

multi-variate normal assumption leads to a poor classifier: when the probability dist¡ibution

function of a class is multi-modal. In this case the model and its pararnet€rs, the mean and

covariance, do not provide a good description of the class characteristics. The most common

cause of this is a heterogeneous textured class.

Where the multi-variate normal distribution assumption is clearly violated, one approach is

to decompose classes into sub-classes which are more nearly normal [Richards86]. For classes

with multi-modal dist¡ibutions, pre-classification clustering of training set data can be used to

guide manual splitting of classes, which are re-combined after classiflcation. Subclasses based

purely on spectral characteristics are often distinguished from the classes involving human

interpreøtion by using the terms spectral classes and information classes. In general, manual

intervention to split classes containing highly dimensional (many band) data with complex

distributions is not convenient. Automatic clustering procedures incorporate a number of
"tuning" parameters which require prior knowledge of the data. Images with many bands can

present problems in choice of clustering pa¡ameters. The classification scheme explained in

Chapter 3 using an MLP does not rely on the nature of the class probability density functions

and hence does not require the splitting of classes.

While ML is the most accurate classifier in most cases, it is not favoured when the

dimensionality of the pattern vectors to be classified is large. This is because when ML is

implemented on a general purpose serial computer the computing requirement increases as

OQIP), where M is the dimensionality of the pattern vector (equal to number of spectral bands

in the simplest cases). Special purpose pipeline processors (e.g. [Swain8O], [RamapriyanS5])

have been constructed for multi-spectral classiflcation, but because of their expense and limited

applicability to other problems, are not widely available. It is not uncommon to throw away

bands to achieve usable speeds of classification a¡rd selection of an .lú-band subset from

Mbands has been a subject ofresearch [Sheffield85]. Techniques such as band ratioing and

linear transforms [Swain78] are also used to try to concent¡ate information in a lesser number

of dimensions.

1.3 Using spatial features to classify multi-spectral images

The main motivation for trying to combine spectral and spatial information is that a human

photo-interpreter is able to use spatial cues to improve spectral classification accuracy. With

reference to classification of u¡ban areas, Jensen remarked that "Manual photo interpretation of
such heterogeneous surfaces is generally on a synergistic evaluation of (a) context, (b) edges,

(c)texture and (d) tonal variation" [JensenT9a]. In relation to inte¡pretation of (simulated) TM
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images, Wharton wrote "The consistency of visual interpretation was att¡ibuted in part to the

ability of the analyst to integrate knowledge of color, contrast, and tonal properties of each

category and to consider the local dist¡ibution of spectral categories that serves to confirm or

contradict a given pixel classification" [WhartonST].

SpectraVspatial integration of data from remote sensing platforms has been of interest since

the inception of such data collection. The general practice of processing spectral information

alone to give classified images has resulted from the perceived, and in most cases real,

requirement for very high computing power to process spatial data. Renewed interest in

spectral/spatial integration comes about because of the widespread availability of powerful

computer workstations, and also because of the possibility of using the new computational

paradigm of the artificial neu¡al network to significantly reduce the effective computing time.

Investigation of spectral-spatial integration is also warranted by the advances in spatial

resolution of multi-spectral satellite sensors. With better spatial resolution, it will be more

common for particular classes to comprise heterogeneous (i.e. textured) data with considerable

(possibly systematic) variation, since the optics will no longer avefa5e out unwanted fine detail

['WoodcockST], [CushineST]. What detail is unwanted is a function of the problem domain. In

this thesis the problem domain is taken to be that of wide a¡ea classification. For example, the

class "u¡ban" could be broken down into red roofs, green lawns, and black pavement, in one

problem domain but in another, coarser, problem domain "urban" is a single textured class.

Another example is provided by crops grown in a particular geometric anangement, giving the

possibility alternating pixels but never-the-less constituting a homogeneous class.

Construction of a classification scheme to include spatial information from multi-spectral

images can take two main forms which amount to pre-processing and post-processing. Pre-

processing can be used to produce some extra features that embody information about the

neighbourhood of the pixel to be classifiedl. This process measures the structure of expected

within-class local variation of pixels' values which effectively constitutes "texture". Post-

processing can be used to refine the (classified) output image using prior information about its

expected structure. For example, prior information could indicate that class A often occurs

surrounded by class .8, but not vice versa. This kind of knowledge measures a spatial

"context". Context measurement cÍrn form the basis of an iterative scheme in which the

acßrßaÊy of classification is refined with each successive estimate.

The true division between texture-based and context-based schemes is not so well defined.

In terms of the Bayesian image classification described in (1.4), allowing classes to have texture

can aÍlounf to the relaxation of assumption 41, and assumption 42, which disallows spatial

relationships between true labels in T, must be abandoned if we are to aclnowledge the

usefuIness of context. The blurring of distinction between textufe a¡rd context occr¡rs when we

consider the definition of texture as "within class variation" where we may be using

information rather than spectral classes. It is possible that within an information class variation

lPre-processing can also be used to reduce the number of features when handling them would represeDt too grea¡ a
computational load - getting rid of one band is a crude form of pre-processing.
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appears as multiple adjacent spectral classes. In this situation, texture at fhe information class

level appears as context at the spectral class level. Of course, in a situation where the

classification system does not require splitting of information classes, the difference is apparent.

In this introductory chapter, processes in which features are derived purely from the input
image structure will be considered under the heading of "texture" and processes in which there

must be an estimate of the classified image before features can be derived will be considered

under the heading of "context".

1.3.1 Texture

The Webster's dictionary definition of textu¡e is "the visual or tactile surface characteristics

and appearance of something". Rao points out [Rao90], texture has a rich range of meanings in
the divers fields of Engineering, Natural Sciences, Art and Design. Here, only visual aspects

are of interest.

Horn defines visual texture as "detailed structure in an image that is too fine to be resolved,

yet coarse enough to produce fluctuation in the grey levels of neighboring cells" [Horn86 ]. In
this work texture is defined as "structu¡e in the image which is a characteristic of a class, but of
a scale too small to be of interest in the labelled (classifled) image domain." If we acknowledge

that this strttcture exists then assumption Al is cont¡adicted. To create aworkable classification

system, we assume that by augmenting the original pattern vector with enough spatially

dependent measurements from a pixel's neighbourhood, Al becomes approximately true.

The most common approach to combining texture information with multi-spectral
information is to use monochromatic texture of one of the spectral bands of an image to

augment the spectral information. This involves identifying me¿¡sures of monochromatic

texture which are used as extra features during classifrcation.

There have been many attempts to cha¡acterize monochromatic texture both stochastically

and syntactically; the computer vision literature on (monochromatic) texture is vast and the

comÍients here a¡e intended only as a brief survey of those methods that have potential

application in remote sensingl. Methods range from the use of power spectralz density

functions, the use of spatial grey{evel dependence or difference matrices, to the use of filters to

detect texture primitives or the boundaries between texture primitives. All approaches try to
reduce the large amount of data about a pixel's neighbourhood to a feature vector of
manageable dimensions.

To extract the texture information for a particular pixel, what is required is a convenient

compact form of the joint spatial/spatial frequency information relating to each pixel. Some

methods try to do this quite explicitly. In the literature, there are many attempts to use Fourier

transform methods and autocorrelation to produce such a representation (e.g. see [Corurers80]),

lFo, a more general survey, see, for example vanGool el al. [vanGoolS5] and the yearly Rose¡feld bibliographies(e.g

IRosenfeld90]).

2 "Sp"",."l" here refers 1o the spectrum of the spatial frequencies.
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but these are hardly compact. The Wigner transform has the capacity to capture spatial/spatiat

frequency cha¡acteristics in a compact form [Reed90] but is computationally expensive and is

subject to some problematic artifacts. Pentland and others have shown that it is viable to use

fractals to provide a local chanctanzaÍion of textu¡e [PentlandS4], [Peleg84], [Lundatrl86].

Most computationally feasible approaches to texture are based on first or second order

statistics and were inspired by the early perceptual work of Julesz [Julesz62], [Julesz65],

[Julesz73]. At that time, on the basis of experiments with human subjects, Julesz conjectured

that textures with the same first and second order statistics would be perceived as being

identical. (l-aler, counter-examples were found.) Consistent with this conjecture, FIaralicket al.

[HaralickT3] defined the "spatial grey level dependence" or "co-occurrence" matrix and derived

features from it that could be used to discriminate textures. (For reviews of other matrix

measures see [Weszka76], [Conners80]).

To define the co-occurrence matrix, consider two pixels in an image, J1 and -x2, separated by

the vector (dtdz), such that xt = xtçl and x2= /tk+d7,r+d2. The Julesz conjecture implies that if
we consider the textured image to be a realization of random variables, drawn ftom a 2-

dimensional stationary, ergodic process then it is completely chuacterized by the discrete joint
probability function P(xvx) of the two random va¡iables of x1 and.x2. Thus the probability of
observing the grey levels i and j at fixed displacement (ùdz) is independent of / and k, and is

given by

P(i, j) = \i, j; dr,d) = Prob {x,r, = i, xr*¿,¡*d= jl (1.12)

This probability function can be approximated by ttre normalized co-occurrence mat¡ix

îçi,¡¡=9$! = PQ,Ð (1.13)
N

where the co-occurrence matrix over the neighbourhood 4 is deflned by

c(i,j) = c(i, j; dr,d) = #{(k,/)€ T!, x¡a1=i, xr*¿,,t*ø--jl QJ,4)

the operator # means count or cardinality and N, the total number of counts is given by

44
N=I ) c(,7)=#{a} (1.15)

i=l j=l

Table 1.1 gives definitions required to calculate Haralick's texture features along with the

simplifications of Unser which were intended to reduce the computational requirement

[Unser86]. Even with simplification, calculation of Haralick's texture measures on a pixel by

pixel basis can be a formidable computational overhead.
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Co-occurrence Mat¡ix form Sum and Difference Histosram form

c(i,j:dr,dr\ = c(i,i) h"(i:d,,d,) = h"(il h,(i:d,,d,l = h,Gl

c(¡,ì=*Ktc,ù e 0. )hFi, )h,¿, un=il h"(i) = *((tc,tl e 'tl, xt t * )tø¿t t*n = il

hoj) = +((k r) . rl, xt t - xn*r, ,*r, = il
P(r,¡)= îG,¡)=9 î,0) h,(ì.

À¡' Ê"(Ð= h,(i)

^/44
whereN=#{4}=I Ic(¿,t)

i=l j=l

¡ù, 4-l
N=#(4)=I n"(i)= >

i=l j=-N,+t

Tatlle 1.1a: Co-occurence matrix and sum-a¡rd-difference histogram definitions for a fixed

displacement (dtd) or equivalently (d,r))

Table 1.1b: Texture features for a fixed displacement (dr.ú) or equivalently (d,t])

Textu¡e Featu¡e Co-occurrence Matrix form Sum and Difference Histogram form

(Sum) Mean 44
i=l i=7

I
2N"

¡ iÂt;)
¿-a2

(Sum) Varia¡rce
N- N,

L > G-p)'FQ,i)
i=l j=l 4

2N,

lrzpfÊ"tÐ * 
- 
Ï., ,' aur)

i=2

Angular second

moment (energy) i i (îG,ì)'
i=t j=r

2N"

) Et¡I*
i=2

lvr-1

(î,r¡))'
j = -¡tl+l

Conelation Nr N,

i=l i=7
G-rt)(¡-ùîG,¡) {!wø'p"t¿ î'.,;'Ê,or)

Entropy 'lvr N,>I
i=1j=r

Ê(¡,,l) roe (Ft¿,r) T ¿,rroe(F"(Ð)-
i=2

Ê,û)roe (Ê,tl)
j = -N"+1

Contrast
N" N.

i=t j=r

N¡-l

I = -tv,+l

Homogeneity N, N,>I
i=l j=7

FG,j)
t +(ij)'z

rvs-1

i= -N"+7
-t-î,Ulr+j'

Cluster Shade 44
i=t i=t

2N"

2 u-zpf î,G)
i=2

Cluster

prominence i i Q+¡-z¡t)o îQ,¡)
t I , I

2N,

I t;-
í=2

zpf î,0
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A further practical problem arises because the NrxN, co-occrxrence matrices are functions of
two displacement parameters and hence the texture featu¡es only refer to a particular set of
parameters. In most applications of it is only possible to try a small number of the possible

parameter values. Further, the choice of window size over which the co-occurrence maf¡ix is

estimated is rather arbitrary. Hence, t€xture classification routines are based to a large extent on

empiricism. Despite this, Haralick's texture features are widely used to ext¡act classifiable

features from grey level images in the fields of computer vision (e.g. [Siew88], [Gotlieb9O])

and remote sensing (e.9. [Weszka76],fMarceau90], tBa¡ber91l). Thei¡ use in conjunction with

multi-spectral data is discussed in a separate section below.

In related work, some researchers have used co-occurrence (or similar) mat¡ices with
different sets of texture features, or without explicitly extracting any features. Vickers and

Modestino classified co-occurence mat¡ices using log-likelihood [Vickers82], Pukkinen et al.

classified the matrices using subspaces [ParkkinenS6] and Oja by regularity measurement

through the use of the kappa statistic [Oja89].

Laws' thesis [Laws80] detailed a quite different approach in which an image was pre-

processed by 3x3, 5x5 or 7x7 frlter masks (convolution kemels) and then statistics collected

over larger areas (e.g. 15x15) were used, after some transformation, as "energy" features for
discrimination. Laws' selection of the small filter masks was essentially empirical, but in

further work Ade derived an alternative set of "eigen" filters on the basis of a theoretical

consideration of the 3x3 neighbourhood [Ade83], while Chen used the method of least squares

to derive a set of filters matched to the particular textu¡es that he wished to identify. Aach et al.

restated the method in terms of quadrature filter pairs [Aach88]. Unser has developed these

methods using nonlinea¡ filters to exploit spatial localization of "energy" at different scales

[Unser86b], [Unser89]. Hsiao and Sawchuk used Laws' texture energy feature set as the basis

for segmenting a tÊxtured image using relaxation techniques [Hsiao90].

In a survey of some widely cited søtistical texture feature sets, du Buf et a/. [Buf90] showed

that the most efficient feature sets, for their set of monochrome test images from the Brodatz

collection [Brodatz66], were (in order of merit) those provided by Haralick et al. [HaralickT3],
Laws [Laws80] and Unser [Unser86b]. An earlier survey of texture algorithms specifically

tested on monoch¡omatic remotely sensed images was made by Weszka et aI. fWeszkaT6l, but

it does not assess the more modem techniques.

A stochastic model-based approach to texture can be more powerful that a purely statistical

approach, and a number of such models have been explored by various researchers. Physically

based processes provided models for early examples of this approach [SchachterTS]. Later

models mostly fall into the class of discrete-index Markov-type random processes (also called

Ma¡kov random field models). These a¡e deflned at length by Derin and Kelly who emphasise

equivalence of Gibbs and Markov representations for a flnite lattice [Derin89]. Ma¡kov
random field (MRF) based models to analyze texture have appeared under the names of
Ma¡kov models [Cross83], Gauss-Markov models [Chellappa85],[Cohen91], Gibbs random
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field models [Derin86], [Derin87], [Pickard9l], [Pickard9la]1, linear predictive models

[KobatakeS6] and autoregressive models [deSouza82], [KashyapS6], [Kartikeyangl].
Longstaff and Howard have also proposed the use of a Boltzman machine (a form of ANN) to

learn the parameters of a¡r MRF in order to characterize texture [Longsøff90]. The use of MRF

models in the definition of "spatial context" is discussed in section 1.3.

Some recent approaches to texture identification have been based on the conlinually evolving

understanding of the human visual system. This includes approaches based on evidence

provided by perceptual experiments; e.g. Julesz's texton theory (incorporating the theory of
sclective attention) [Julesz86], IVoorheesST] and also schemes seeking to use

ncurophysiological descriptions, most of which can be traced back to the work of Hubel a¡rd

V/iesel on the cat's visual system [Hubel59]. On the basis of observed retinal receptive field

profiles, Daugmann has attempted to measure texture features using Gabor functions, a

particular form of wavelet function [Daugman89], [Daugman9O]. Following the same

reasoning, Bovik et alhave suggested directionally tuned narrow band filters to capture the

information [Bovik90], [Bovik91]. Skrzypek suggested a specific multi-layer architecture for

the discrimination of texture based on neurological examination of the mammalian visual cortex

[SkrzypekST].

Some researchers have argued that a general charucterization of texture requires the

description patterns that repeat on a scale larger than small neighbourhoods; i.e. we need a

description of the spatial relationships of micro-constructs inherent in the formation of macro-

texture. Wang et al. used the statistics of texture primitives (connected regions satisfying

certain properties), rather than of grey levels, to discriminate textures ['Wang8l]. Lu and Fu

sought to derive grammars that described the relative location of uniform regions [Lu79],

[Fu86]. Vilrnotter developed relational descriptions of "edge" micro-features [ViknotterS6].
Rao has proposed a sophisticated texture analysis system designed to handle both macro- and

::ri:r1-fix$re elements [Rao90]. Hcr','3.'-'e:, f-hi. .dichîi1:ìì;.'bct'"veen rnicrc ,ud rnacrc. sir.;ci;íc

remains unsatisfyingly imprecise and domain dependent. Even the work on textures at

multiple scales (e.9. [Peleg84], [Burt83], [Unser89]) makes assumptions about the scale at

which we wish to acknowledge detail. To avoid this problem this thesis deals with the

rest¡icted problem domain of remotely sensed images and textures considered here are

universally thought of as microstructures comprising pixels of different tonal values or colours.

While there is a large body of literature on computer vision aspects of monochromatic

tex[ure, there is not. a correspondingly large compu[er vision literature on colour texture or

multi-spectral texture. One of the main reasons is the problem of colour constancy; i.e. the

stable perception of colour over varying light conditions [Swain90]. Some current research is

addressing this problem (e.g. [Hurlbert88], [Tominaga8S], [Swain9O], [Poggio9O]). Another

reason for the lack of attention is the inherent trade-off between extra colour bands and ext¡a

spatial resolution. Spatial resolution is usually considered more important in computer vision

lÏ¡e workof Pickard et aI is particularly interesting since it provides a framework for unifying co-occurrence matr.ix
descriptions and Markov random field descriptions.
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tasks. To measure colour texturs we would like both good spectral resolution and good spatial

resolution.

Some work based on human perceptual models addressed the problem of creating colour

textures [GagalowiczSl], and an efflcient model for colour textures was proposed by

Gagalowicz et al. fGagalowiczS6l. In the 1986 work, colour texture was characterized by

clustering the data in colour space to Z clusters which were then t¡eated in the same way as L
grey levels in a monochrome texture system. The justification for clustering was an

observation that in many situations colou¡ data does not fill the 3-dimensional colour space

uniformly and that reduction of dimensionality of the data is possible with minimal loss of
informationt. It is not clear how the clustering algorithm used by Gagatowicz ef ø/. ensures

that proximity of two colours in a 3-dimensional colour space is preserved in the t¡ansformed

l-dimensional space. However, they were able to apply their model successfully to colour

texture synthesis. Klinker et aI fKlinkerS8l devised methods of colour object recognition

which also relied on the limited domains of naturally occurring colour values in red-green-blue

space. It is necessary to exercise care in translating processes defined with respect to human

visual colour space to multi-spectral space. A number of transformations of images apparently

remove no information when assessed by human observers, but may delete information that

can be identiûed by machine. The most trivial example of this is the ability of machine sensors

[o use wavelengths to which the human visual system is not sensitive. However, in a broader

sense it is possible that a computer vision system or a multi-spectral sensing system may

contain class discriminating information, e.g. high frequency spatial information, that would be

discarded in a human visual system.

In the field of remote sensing the use of monochromatic texture measured from multi-

spectral images has been widely studied as a possible source of extra information to aid spectral

classification. In this problem domain, the lack of colour constancy can be overcome to a large

extent by calibrated radiometric corrections because sensing is from a platform with a known

position with respect to a stable illuminator, the sun.

In an early paper describing the use of co-occurrence matrices, Haralick et al. rcported

combining multi-spectral data with the texture features "angular second moment" (ASM),

"contfast", "correlation" and "entropy", measured from data in a single spectral band (see

Table 1.1). They showed a data-dependenr improvement in accuracy over purely spectral

classification [HaralickT3]. Further data using 32 texture features derived from the co-

occulrence maEix was presented in lHaralick74l, again showing significant improvement of
spectral/spatial feature classification versus the spectral-only classification. Jensen

experimented with improving the identification of "urban fringe" from multi-spectral Landsat

data by using pattern vectors comprising three components from spectral measurements plus

one texture feature derived from a single band [Jensen79a]. Out of four textu¡e measures tested

lThi. *r" recognized in the context of colour codìng for NTSC tetevision standa¡d in the early 1950's (see especially

tNTSC54l). The same observation was the basis of work in digital colour image coding (e.g. [PrattTl]) and colour
image restoration [Hunt84], [GalatsanosS9].
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for use as the augmenting component, ASM gave the best improvement. in accuracy, but

Jensen commented on the large cost in terms of computing requirement. It is noteworthy that,

in general, this early work used simpler classification methods than ML both to reduce the

computing requirement and also because the probability distribution function of va¡ious texture

measures was not known and could not be guaranteed to resemble anormal distribution.

Shih and Schowengerdt [Shih83] used texture features related to the maxima,/minima

features of Mitchell et al. [Mitchell7T] to help classify desert landforms where the spectral

information was insufficient. Texture features were derived from band MSS-5 Landsat data

only and used to augment spectral data in an ML classification scheme. Th¡ee thresholds for

the maxima/minima process and the window size were selected empirically. Two of the

classes they sought to identify were not separable by spectral means but could be identified

when texture was included. In many ways this highlights the fact that the expeciations of a user

influence whether the data (spectral and/or spatial) will be sufficient to allow accurate

classiflcation. Clearly a class described by spatial characteristic alone, e.g. "hill slopes", is not a

good candidate for spectral classification. Hence, in making the claim that spectral/spatial

integration is important, this thesis is arguing, in part, that users now expect to be able to

describe classes using a more flexible set of attributes than just spectral reflectance.

Franklin and Peddle [FranklinS9] used Ha¡alick's "entropy" feature derived from each of 4

bands in 4 directions to augment Landsat MSS with some improvements in accuracy

dependent on the nature of the class. They found that for classes that are cont¡olled structurally

or topologically texture was a better class discriminator than multi-spectral data. Classes with

little local variability such as "watef'had marginally decreased accuracy.

In a 7979 review article, Haralick defined texture as an organized area phenomenon with two

"dimensions" i lhe tonal primitives, and the ar angemenls of those primitives [Hara]ick79l. A
logical extension of this definition replaces the concept of tonal primitives with multi-spectral

primitives giving "multi-spectral texture". This term was first coined by Rosenfeld et al.

[RosenfeldS2] n a paper describing an algorithm to extract textural information from Mbands

of an image using matrix methods. The 2-dimensional {xN, co-occuffence matrix becomes a

2M-dimensional mat¡ix for an M band image, making it unmanageable; e.g with only 23 = 8

grey levels and 2 bands, the resulting matrix has (23)o = 4096 elements. Rosenfeld ¿l a/.

reduced this complexity by using absolute difference histograms instead of co-occurrence

matrices, making the resulting matrix M-dimensional. The absolute difference histogram, A,

over the neighbourhood 4, is defined by

a(ii ùd2)= #((&Ð e \, W*t - xo*¿r*¿Å= il (1.16)

In one dimension (band) the difference histogram A6 is an Nr-vector whose ith element is the

number of pairs of pixels in relative position 6 = (dtd) that have an absolute grey level

difference of i. For M bands, A6 is a M-dimensional scatter plot. Rosenfeld et al. showed that

in principle, pairs of two-band textures exist that can be discriminated easily when features a¡e

based on a two-bands A6 but that are hard to discriminate based on single band features. In

Chapter 2 this possibility is discussed and the discrimination power of multi-band statistics is

shown to be useful.
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Another approach to simult.aneous use of multi-spect¡al and spatial information was taken

by Eklundh et a/. [EklundhS6] who used an associative neural network to cluster the combined

data into information classes in an unsupervised classification system. Other unsupervised

systems have been proposed by Grossberg based on the ART neural network [Grossberg8Ta].

Hepner et al.lHepner90l used ANNs for supervised classification of remotely sensed data and

mentioned inclusion of spatial dat¿but gave no details.

Figure 1.3: Augmented ML classification.

In each case described in this section, classification using new featu¡es derived from texture

amounts to a pre-processing exercise followed by classification (figure 1.3). There a¡e three

obvious problems resulting from the pre-processing operation. Firstly, there is an increase in

the number of components in the pattern vector to be classified. As remarked earlier,

increasing the number of features, M, increases the amount of computation required to classify

using the ML scheme by a factor of lvP. Another problem is that there is no guarantee of
normality of the probability distribution function of features generated by pre-processing. It
was the consideration of these two problems that lead to the exploration of the multi-layer

perceptron for classification (Chapter 3). Finally a blurring of the information location occurs

since the features incorporate data from neighbourhoods instead of individual pixels. This

problem is difficult to address without additional information. One approach is to build a

classification system that takes into account not only the raw input data from input image but

also the expected form of the output image. This expectation is often calleÃ context.

L.3.2 Context

The dictionary deflnition of "context" is "what precedes or follows word or passage

especially as throwing light on its meaning". Here, we are interested in the spatial surrounds

or neighbourhood of a pixel. Haralick a¡rd Joo explain that "the effect of context is that a

pixel's most probable interpretation when viewed in isolation changes when viewed in some

context." [HaralickS6]. The use of context to improve classiflcation accuracy is inherently an

activity that takes place after classification, or at least after the first estimated classification as

part of an iterative scheme, since to ÍNsess how like/unlike a pixel's label is to that of its

g r(x')

g2(x')

r^(r)Pre-processing
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neighbours requires at least a rough estimate of the neighbours' classes. The use of prior
information about the model of a desired output image is implicit in the use of context.

We define spatial context for the purpose of this thesis study to be the spatial relationship of
pixels of one class to the pixels of other classes. The recognition that such a relationship exists

contradicts Ítssumption Á.2. A convenient, workable replacement for A2 is the assumption of
Markov random ñeld [Derin89], usually with a small neighbourhood:

ASSUMPTION A2a: The pixel's labels dependent only on labels in a defined

neighbourhood 4:
P(r)= II pþr,tr!,) 0.r7)

(k,l) e L

where f/l is tfre set of labels of pixels in the neighbourhood n of (k,t).

Most of the stochastic approaches to context described here use this assumption either

implicitly or explicitly.

Figure 1.4: Contextual classification.

The simplest approach to using context is to filter the classified image using a scheme that is

suitable for an unordered set; e.g. majority filter. Richards et al. discuss a sophisticated post

processing scheme based on pixel relaxation that is suitable for use with image data from

remote sensing [RichardsSl], [Richards8la]. Their modification to the probabilistic relaxation

method of image labelling [Zucker78] allowed initial pixel labels generated by a spectral

classifrcation to influence the relaxation throughout the process. The modification required an

empirically determined weighting factor which changed during relaxation in accordance with a
suitable schedule.

Swain, Vaderman and Tilton used compound decision theory to develop a method for
incorporating prior information about the probability of allowable neighbourhood

configurations into the classification process [Swain8l], [Tilton8l]. The process requires the

estimate of a "contex[ function" which is a set of probability density ñ.¡nctions for each possible

neighbourhood configuration. Approximations of the context function made from a non-

rt (x)

sz@)

Pre-processing

8*(x')
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context classification provided promising results, but accurate estimation proved to be a difficult
problem.

Haralick set the problem of using context in a Bayesian framework [HaralickS3] and

examined the usefulness of Markov dependency within neighbourhoods. In an application of
this work, Haralick and Joo provided a context formulation of the classification problem using

a model in which the pattern vector associated with a particular pixel is only dependent on the

true label (class) of that pixel and that the labels of pixels on any "path" (line) passing though

that pixel have a Markov dependency on adjacent labels in the path [Ha¡a1ick86]. This yields a

straight-forward two pass algorithm involving an extra function trained to encode the

dependency of pixels on their neighbours in four selected directions. To t¡ain this algorithm

properly, ground truth data of a heterogeneous class structu¡e is required.

Besag [Besag86] also provided a unifled Bayesian framework for classification refinement,

influenced by the work on image restoration using Markov random fields, especially the work

of Geman and Geman, [Geman84]. Besag's algorithm, which he called "iterated conditional

modes" incorporated empirically determined constants to use the estimate from one

classification to affect the class conditional prior probabilities of the next. Similar algorithms

were suggested by Kittler and Foglien [KittlerS4] and Kiiveri and Campbell [Kiiveri86].
Kiiveri and Campbell give a conditional autoregressive version of classification improver for

ML classification [Kiiveri9l]. The use of Geman and Geman's ideas have also been applied to

colour image classification by Wright [Wright89] and to remotely sensed image data

classification by Hartt et al. lHarLLS9l and Zhang et al. lZhang90l.

All of the methods described so far are forms of stochastic relaxation. Alternative

approaches are possible using techniques from artificiat intelligence. Fu discussed the use of
syntactic reasoning to post-process the classifled image [Fu76], but this has not achieved wide

acceptance in remote sensing because of the nature of the data and the complexity of the

processing required. Nichol applied region adjacency graphs to processing Landsat for the

extraction of context information [Nichol90]. Wharton has described the use of context in an

iterative knowledge-based classification system by inco¡porating heuristics that identify

landcover which is "uniform", "border", "noise", or "outlier" in a classified image and

incorporate these featu¡es into the next. iteration [Wharton8T].

L.4 Contributions of this thesis

This section briefly outlines each chapter and identifies the parts that I believe to be original

contributions.

In Chapter 2 a method of covariance comparison due to Bogner [BognerSla] is applied to

the classification of pixel neighbourhoods. The chapter contains some new results about the

dist¡ibution of the proposed metric, and an original implementation of the technique for use in

images. A æchnique which is a hybrid of the neighbourhood classification method and the

standard ML technique is presented and shown to give improved accuracy over ML.
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Chapter 3 is about the use of multilayer perceptrons for the classification of spectral data in
a directly analogous manner to ML. The chapter includes a thorough exploration of the ability

to control the behaviour of such a classification system through structural and parametric

design. From the experimental work, the unavoidable conclusion is that it is necessary to repeat

the training of a network from different starting points in order to be even reasonably sure of a

sensible final t¡ained network. ln the second half of Chapter 3 some original insights are

provided into the internal representation of a successfully trained network. Much of the work in

this chapter was performed in parallel with other researchers, and their methods and results are

discussed in the chapter.

Chapter 4 concerns methods of integrating spatial information into a neural network

classifier. The aim is to allow a neural network to discover "texture". A number of schemes

which try to distil neighbourhood structure in the input image are proposed and tested. The

final network presented involves the unique structuring of input connections using clique

concepts from Markov random field theory. It is hypothesized that this works because it
assists the multi-layer perceptron to leam what inter-pixel spatial relationships are.

Chapter 5 proposes an original neural network based classifier which is designed to learn

context. Some simple empirical results are given.

Chapter 6 concludes discussion of the new classifrcation schemes with some comments on

fufher applications and individual strengths and weaknesses. Some further work on the neural

classifiers is proposed.
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Chapter 2

Using Pattern Recognition by
Observation Correlations to
Investigate Spectral Structure.

Sutnmary: This chapter proposes a classifier in which each pixel is classified by calculating

the covariance structure of the spectral bands over a spatial neighbourhood of the pixel, and

then measuring the similarity of thß structure to the covariance structures calculated on a set

of reference regions. The similarity measuring algorithm, "pattern recognition by observation

correlations" was developed originally for speech recognition. The use of this algorithm in
remote sensing is justified and an implementation suitable multi-specÛal data is described. An

analysis of the algorithm incorporates some new results. When testedwith l-andsat dnta, the

results are comparable with conventional ML classffication, and a hybrid algorithm in which

features derived using this covariance similariry metric and original data are merged is shown

to be superior to either component classifier used alone.

2.1 Inter-band information in multi-spectral images

In this chapter, we try to use the co-dependence of spectral measurements in the vicinity of
the pixel to be classified as an exra source of information about the pixel. In order to

chuacterÌze this property, we examine the covariance of the data in the neighbourhood of the

pixel to be classified. The use of a classifier ba.sed on spectral covariance is of interest because

the natural covariance in remotely sensed image data is at least in part class dependent.

Schowengerdt, in describing Landsat MSS data ([Schowengerdt83], p160), ascribes the

covariance to

1) the relatively low reflectance of vegetation in Landsat MSS ba¡rds 4 and 5, and

relatively high reflectance in bands 6 and7,

2) the shading effects caused by topographic slope and aspect, and

3) the overlap of spectral sensitivities between adjacent spectral bands, caused by practical

limitations in filter construction.
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Figure 2.1: Reflectance vs wavelength plots for vegetation and soils

The first mentioned effect is further demonstrated by figure 2.1, which shows typical

vegetation and soil spectral reflectances compared to the spectral bands provided on three

common remote sensing satellites and the Dædalus 1286 scanner. Kauth and Thomas

[Kauth76] used these inter-band features in developing the so-called tasselled-cap transform,

and more recently, similar spectral features have been used to look at sub-pixel classification

and un-mixing [Settle9 I ], [Pech86], [Smith90].

In a conventional ML classification scheme, meari vector m, and covæiance mat¡ix C, ue
the parameters used to characterize data that forms class {Dr. We visualize the data in
N-dimensionat (spectral) space Írs afirzzy cloud whose cent¡oid is described by m, and whose

shape and extent is described by C, (figure 2.2). Nn- classification uses the fact that the

probability of a particular point being in a class is dependent on its distance to the centroid,

weighted by the expected spread of the class. A data point that is equidistant from two

cenúoids will be placed in the class with the largest expected spread.

The main idea of this chapter is that, for a small neighbourhood of a pixel, it is possible to

estimate a local covariance function that will describe a shape in N-dimensional space that is

cha¡acteristic of a class. For this to be true it is necessary for the class have an inherent

spatial/spectral structu¡e which corresponds to a kind of multi-spect¡al texture. This latter

assumption is shown to be well founded for real data.

Since primarily we wish to use covariance effects that a¡e dependent on the landcover, i.e.

effect (1) above, it will be necessary to find ways to avoid the undesirable aspects the other two

factors. Effects due to limitations in spectral fllter design can be partially eliminated by

0
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Figure 2.2: Scatter plot in spectral space for simulated data from 2 classes.

systematic removal as part of the classification scheme. Effects due to shading are both
limiting because shading can mask data and useful because topology is often a source of extra
information for classification. Conversely, under certain conditions, shading is not particularly

difflcult to remove. If we can model shading as a multiplicative effect which simply scales the

dala values, then, since a covariance-based mearilre does not require the value of the mean to be

preserved, a suitable transformation on the image prior to classification can be used to remove

the scaling. Unfortunately, shading can cause data values to be truncated by exceeding the

lower limit of the digital number representation, so to make use of covariance it is necessary to

limit application to domains having only minor anìounts of shading.

Suitable algorithms for exploiting inter-(spect¡al-)band structure have been discussed in the

speech signal processing literature. Li and Hughes observed that long-term correlation

coefficients of speech exhibit int¡a-talker similarities and inter-talker differences and reported

some results from an experimental study of three methods of comparing covariance mat¡ices

from continuous speech lLi74l. Bogner provided a theoretical basis for comparison of these

cova¡iance matrices and gave a procedure for making the comparison [Bogner8l]. The

procedure is based around an algorithm, "pattern recognition by observation correlations"
(PROC), that gives a measure of how much the correlation between spectral bands in a test set

of observations resembles the correlation between spectral bands in a reference set of
observations. It was shown that the procedure could be applied when the means of samples are

subject to confusion and hence classifiers which rely on the mean for discrimination are not
generally useful.

Similarly, there a¡e some situations in image processing where use of the ML classiflers is

not relevant because the spectral radiance of the illumination is unknown or changing, and

samples have texture. V/hen trying to classify wide areas, the assumption that measurements

of radiance are taken under conditions of constant illumination is found to be usually only
approximately true for a single real image and is not true for a collection of images.

Illumination in images taken by satellite over any extended period of time is affected by
changes in sun angle caused by seasonal variation. Such changes ate accompanied by a change

)t

Chapter2 22



in the cont¡ibutions made to the overall illumination by different spectral components.l It was

hypothesized that the use of inter-band spectral stn¡cture would be useful in reducing the

dependence on such spurious influences. Further, for a given set of sensors and where

topographic effect is not exEeme, it was hypothesized that the PROC metric could be used to

cfeîte class signatures that would be t¡ansferable from one image to another and that could

identify areas in cloud shadow..

The remainder of this chapter is devoted to recasting the PROC algorittrm in a form suitable

for image processing and then testing it. with synthetic and real data. The resulting scheme

showed that with some tuning the PROC generated features could be used for classifrcation. A
test of transferring of PROC class signatures from one image to another showed that the result,

produced reasonable results compared to useless results from the transferring of conventional

class signatures for ML, but failed to give a system that was practically useful. Tests were also

made using a scheme in which suitably t¡ansformed PROC features were combined with
spectral features. This gave a classifier which utilized spatial neighbourhood data to give better

classification accuracy than a ML system using spectral data alone. In forming a function akin

to zero'th-order spectral texture, this technique has a lot in common with texture pre-processing

methods.

2.2 PROC

2.2.1 A covariance comparison metric

Given set of multivariate data vectors, each vector of length M,

* = ltr, 12, ...r¡x)

and a set. of reference data vectors, representative of the population

v = {l t, ! z, ...! N"\

with means my and my and covariances C¡ and Cy, then it is relevant, under certain

circumstances, to compare the covariance matrices C¡ and Cy for classification purposes.

Pattern recognition by observation correlations (PROC) is a met¡ic for measuring similarities

between the covariances of sets of samples. The analysis is based on the paper by Bogner

[BognerSla].

It is assumed that the population variables are linear combinations of independent white

random variables w¡ of unit variance with added means Ín,:

w'i=rtui*flli

Using the data generation model shown in figure 2.3, a member of the population may be

described by:

Y=EAttzw'

= E A''' (w + m) (2.1)

I Altered spectral ill u lnin aúon at grou nd level is causetl by v ari ati on i n tJte anrou n I of atrnospheric absorp(i on Tl Lrs can

be modelled effectively, given appropriate ilccornpanying tlata (e g. sun elevation), but such däta is often unknown
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Figure 2.3: Model of the data generation process.

where E is the matrix of orthonormal eigenvectors of Cv, and At'' is the diagonal matrix with
diagonal elements = {¿i. ttr" covariance matrix C,, is therefore given by:

c, =((nA''' n)(n¡''' nìf])

= ((ø't''' n )( n, 1¡''')' n'))

= EAt'' I (At'')' E'
= EA ET (2.2)

which is the definition of eigenvectors and eigenvalues. ( (ø) signifies the expected value of a)

To compare cova¡iance matrices, consider the matrix C*, of elements

c*,¡=((x,-¡Xrj-t )

estimated from observations, r, and convert this into a form easily comparable with the identity

covariance matrix Cy of the independent ly'¡ which has elements of the form

r',ou = ((r', - nu ,-t)(r', - trt-l)

=(wY)
If the observed X does indeed come from a model of the form of (2.2), then the corresponding
inputs wimay be estimated using the inverse of the transformation from W to Y, i.e.

ç =(EA'''ltx = A-'''E'x

Hence:

cç, --(l¡-''' n'(x -Ð]lrt'''' ø'(x -fl)')

=(A'* n'(x -Ð(x -fi n 't"l
=(rl-to E'c*E A-''')

=(A'"c" rt'-l where Cz=ErCxE

xj
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cfr ¡j=lJt J-t")'trt, (2.3)

The elements of covariance matrix Cfi have a variance of a for i * j, and 2for i = j, and

thus are ideatly suited to incorporation in aEuclidean distance function:
MD=I
i=l

which may be rewritten, using the property of matrix symmetry, as

,=îf-ä("0,,-ô,[ (zs)

where á¡, is the Dirac delta. D is further refined using some results on fraces of matrices

[WhatmoughSS]. Firstly we note that, from (2.2),wehave

Cv=E AEr
which can be rearranged to give

I = A't''E'cyE A-t''

where 1 is the identity matrix. By the definition of the t¡ace of a matrix, we can reformulate D

¿ts

r'{tcc -¡l')

rrll ,lt'' n'c*n ,f'' - tf'l

rrlln'.,fn (c* - crt')

r'( [c',' (c*-cì]'l

r'( [c.'c* -r]')

("c',)-tf *S S(.cr1
ß) i-, F, (i)

(2.4)

(2.6)

(2.7)

(2.8)

D N
2

¡É
2
¡{
2
N
2

¡¿
2

(2.e)

Calculating D is relatively straight forward using (2.9). However, in practice it may well be

just as quick and also as accurate to actually calculate the eigen-decomposition (2.2), arrdthen

calculate D directly ftomQ.7). In either case, i[ is desirable to add some small eto Cy to avoid

problems with near-zero eigenvalues

Bogner gave the expected value of distance D as

p)=lg+ (2.10)

and ("plausibly rather than rigourously") the variance of D as

(o-!oy)=Mz+M (z.tt)
where M is the dimensionality of a sample. (This gives a standard deviation = M).

A more rigourous derivation of the mean and variance may be made by using a

decomposition in sample number space, in a manner simila¡ to that used to explorc y'
distributions (suggested in a personal communication, [Whatmough90]). The derivation

MM
= + > ) {c"''c* - I)tj(cy¡cx- I)jt

t i=t j=t
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proceeds by considering the generation of the b¡hvuiaæ of the fransformed observation ir¿ over

anumberof samples, k= 1...N.1

Generate (ûr...ñ*) as

t'Gffi*sry*s
N

(2.12)

(2.13)

(2.r4)

(2.1s)

(1,1,-2,0,...p),, ^ (1,1,...,1,-(N-1)- ,trr 'r ' " 1ð* 
{N(N-Ð

= \ gn"r for €t = (€*t, ..., eø¡)
k=l

Then the (b,c)¡h element of the cova¡iance matrix is
NNN

,, = fà, nfr * - ;fi-,,å fr "àfr ",
NIVNN¡ü¡ü¡ü

=#) 
,à à BbeÈ,B"qed, -fu-à ¿ rà 

2 sr"ns,"o

N

=#,I 8b8"p - ffit"w 8"r{T[

1s^
= ¡1L 8w8"

Now,

(r") = #È 6u = õ"t

Using Boguer definition of the "distance" D of Cff, from I we observe that

NN
LD= 

åå 
@n-6u)'

å h+rl sws*'ùl

=å å {*---'-,È 
>rsuo,*Buor"o - hõuù.,,r*g* * õî\

which has the expected value

(i")=å å {-1f,1 .\-uî"+ 
õ!o+ õ*õ* - hu'ù^u'" * u'*l

= ffil*rru-l)2+ 
M'z(N-t)+M(N-DI - ffi*r*-Ð + M

_M(M + L)

(N-1)

and hence

p) =rys;])d¡
which is Bogner's estimate corrected for bias.

To calculate the variance, we again consider 2 D, rather than D.

Ë
b=l

(2.76)

1To f*ilitut" this manipulation, the order of the indices has been reversed. To avoid confusion, indices å,c... are used

here rather than ¡, j.
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&'r= å å å å {tïÀ à :,1 BbB"pBkB"qEb's"'EwB"'

;=> >
vv - r,| p>l >l r>1*^->>
(/V - r) p>t q>l

+ -J ^ ) > Buon*Bql"oii
(N _ r), ír, or,

- 4 ì>Euol"oõT *É"07\ rr.ttl
W -D plt c>t

The expectation of the variance, collecting like terms and using n = N - 1, is given by

(i 4") = f, la tu -D. -2)(M -3)ln(n -t)' | + n' t)l

+ M(M-|)(M-2)ln(n-t)(n-2).2 + n(n-l).14 + n.t8l
+ M(M-l)ln(n-I)(n-2)(n-3).1+ n(n-I)(n-z).14 + n(n-t).65 + n.B7)

+ Mln(n-l)(n-2)(n-3).l + n(n-l)(n-2).18 + n(n- 1).87 + n. 1051)

- 
f, tmf*-D(M-2)ln(n- 1). 1 + n. 1)l

+ M(M-l)ln(n-l)(n-2).1 + n(n-l).7 + n.9l

+ Mln(n-t)(n-2).1 + n(n-l).9 + n.151)

+ \1u1u-t)ln(n-l).1 + n.t)l+ Mln(n-t).1 + n.3)l)

+ 
þulm<M-t)n.1, 

+ Mln(n-l).1 + n.3)l)

+ f,u1u"l * M'

= M (M -t)(M -2)(M -z)\+ M (M -t)(M -2)(*#-, #. T)
+ M(M-I na + gn3 + 34n2 +44n 4(f + 6n' +4n)

)[ no nt

*4n' *?.2n +2(n2+2n) -Ø* tln'n'n'n)
+ 4(f + 6nz +8n

nt

*4n' *2.2n *2(n2+2n) -4u* tl
n' nz n' n -)

= M (M - I)(M -2) (M -3)L + M (M -I)(M -Ð.ffi + +)
+ M(M-1) 

[q 
**o) * ,(#. 

,^)

(""")') =!Y\#@
-.^-tz ^¡_ 

4M(M+I) , (\Mt+20M2+20M)
\N , (¡r-t)' (N_1)'

_ 4M(M+l) * 4M(4ML+5M+5)- (N- lf - 
(N- tt'
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(2.re)

= M(M+l) for N >> 2M+4

Table 2.1 shows the expected values for D calculated using both the corrected and

uncorrected formulae. As expected for N = 100, there is little difference.

Table 2.1: Theoretical expected values of D and va¡iance(D) for N = 100

Bands Exp. Value I 
"*n.Variance(Corrected for Bias)

Exp. Value Exp. variance

1 I 0 1 2.16 1.00 2.00

2 3.03 6.60 3.00 6.00

J 6.06 13.42 6.00 72.00

4 10.10 22.76 10.00 20.00

5 15.15 34.73 15.00 30.00

6 21..21 49.47 21.00 42.00

7 28.28 67.09 28.00 56.00

8 36.36 87.73 36.00 72.00

9 45.46 11 1.49 45.00 90.00

10 55.56 138.51 55.00 110.00

II 66.67 168.92 66.00 132.00

The distribution of D is related to the Wishart distribution which is in turn related to the chi-

squared distribution. If W = {wt,w2,... wry} is sampled from a multivariate normal

distribution with zero mean and cova¡iance Cw = I \ry Wt. we write:" N-t
w - l(0, cw),

Then the matrix fr = Cl'W is sampled from N(O,l), so that wfrt has a V/ishart

distribution, written
^Tww -wr(N,t) (2.20)

The closed form expression for the dist¡ibution of

cû = N-rw û' - w,(N,f1r) ,rzD

is given by

p(Cç) =
lcç¡{N'v-trrz.*n(ur tr (co))

(2.22)

var (D) = M (M +t)(;ï)' 
{ 
r . ("*, 

) l' *.t.lil)l

2N 
M I z 

ou tu - t) r, qW _ t), * " ft
i=1

if N > M and Cû, is positive definite ([Mardia79], p85). In principle, the dist¡ibution of
derived quantities, in particular D, could be derived ftom Q2l) (see [Muirhead82]). However,

r({n+r-,1)
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this process is tedious, complex and of little practical value. It is more useful to consider

whether some simple function, /(D), might have a distribution with moments approaching

those of the normal dist¡ibution in some limit, and hence /(D) could reasonably treated as

normal. The probability density function of a random va¡iable is uniquely determined if all its
moments are larown ([PapoulisS4], pl16, moment theorem).

The estimation of the moments of /(D) using simulated random data is straight forward and

not particularly compute intensive. Tables 2.8 to 2.13 show the mean, the variance and next 6
(normalized) moments of a simulated distribution of /(D) for M = 1 to 1l bands, with 10x10

neighbourhoods. The nea¡est approach to normality is when l(D)="r[O. but as was

suggested by previous work with speech data, log(D) can be seen to be a useful approximation
(cf. tables 2.9 and2.l2 for number of bands, M = 4)

2.2.2 Application to remotely sensed images

In conventional schemes of multi-spectral image classification, each pixel is classified on the

basis of its pattern vector, into one of R classes. The classes are defined by parameters

estimated by observing the pattern vectors of a reference sets Y,, Y r, ... Y,, . . . \, where the

reference sets are abstracted from the complete image.

To apply PROC to image data, the distance D from a reference set is regarded as being a

characteristic of a pixel and its neighbourhood, i.e. radiance vectors for a collection of pixels in
some defined sub-area of the image a¡e considered to be multiple observations of the same

data. We define aneighbourhood system as

nt t= {Gtj), (irjr),... (i*,.rj*,-r), (k,I) :(i,j^) c L I Q.z3)

úd I¡, is the neighbourhood of (k,t) on a finite lattice Z, such that

(tj)e Tl*të(k,l)e rI¡¡

and Nn is the number of pixels in the neighbourhood.

The most general neighbourhood is not inherently structured, or even necessarily connected,

but it is convenient to use the hierarchical sequence of neighbourhood systems that is frequently

used in image processing (figure 2.4). Neighbourhood systems are of interest in modelling

images as Markov random fields [Derin89].

nnnn!tr!ffinntril
n NtrMtrtr

trtr
ntr nn

ntr
¡

trwtr
n

1st Order 2ndOrder 3rd Order 4th Order

Fi gure 2.4 z Hierurchical nei ghbourhood sys tems.

A convenient notation for the neighbourhood in an image X is

X!¡ = (x¡,¡l (k,l) e r¡,,)

5th Order
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In the image processing implementation, the set X in section 2.2.1is replaced by X4, the

data from the neighbourhood of the pixel to be classified. PROC features are the distances

D(CXII, Cy), r = 1, R.

When comparing class covariances, the class means of the data are not used and hence

preservation of the means is not necessary. We would like to remove the spectral band biases

caused by having different levels of illumination in different bands. These can be the cause of
misclassification as these differences can arise from variations of transmission or variations in

the spectral radiance of the effective illuminator (sun plus sþ) rathsr than from differences in
reflectors (land covers). This process also has the potential to remove biases caused by

transmission through haze, and mild cases of shading, as discussed above.

In real image data, for each pixel with pattern vector xo, lhe value r*r, is a digital number

related to the radiance measured observed by a sensor in spectral band i by

xu, = S¡I¡1,,rrr,, + S,Á¡ + S¡4 Q.25)

where 
^S 

is sensor gun, I¡¡,¡ is band illumination, rn' is ground reflectance, A¡ is atmospheric

path radiance, and Or is sensor calibration offset [KowalikS3]. The subscripts k and I have

been retained here to indicate that some quantities may be functions of position. The

approximately constant offset term (Sr A, + S, O,) does not affect classification schemes using

relative radiance, e.g. ML, but must be removed for any scheme which uses absolute data, for

example, spectral band ratio-ing.

The constant offset term (Sr A, + Sr O) in equation (2.25) can be removed for MSS data

by subtracting an offset found using the deep water approximation to zero. (Where an image

contains no water, it would be necessary to use a regression method such as the regression

intersection method [Crþen87].) 'When the offset term is removed, the radiance is given by

X*t,¡ = S¡ I ¡¡,¡ r¡¡,¡

The term S¡/4, is slowly varying in comparison to r4, such that it may be considered constant

with respect to k and / for some small neighbourhood of (k,t). We identify H¡ = S ¡ 101, as the

unwanted "gain" factor which we want to remove. Then if we use log(x) we can form the

covariance matrix from elements cu given by:

ru = ((tog x*,,, - log-r,) (log r*,,¡ t"g r,)

= ((toe n,r, + tog 4r)(tog n,r,+ rog 4.r;)

= ((roc r, + tog 
') 

(tog r, + 
-t"s 

rl) e.z6)
where log 4¡ is the mean value of log 4 in the ith dimension (band), over a neighbourhood of
(k,t).

Drawing together the pre-processing and the PROC method, it is clear that the value of data

at location (k,I) is being modelled by

log r¿¡,; = fth IWt\¡

where lø is the mean value which is not of interest in generating PROC features and wu* is a

zero mean random variable with significant covariance st¡ucture with respect to the correlation
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Figure 2.5: Shading diagrams representing correlation coefficients.

between bands (i.e. l) which contains information about important real variations in the actual

data.

2.2.3 Comparison of sub-areas - feasibility of the method

Before classifying complete images, some tests were performed using data abstracted from

MSS scenes to establish that results were reasonable.

Large square areas of an image, judged to be homogeneous, were designated as reference

areas. Each reference area was chosen to be representative of a particular ground-cover class,

using the same criterion used for selection of a training set for ML classification. From within
each reference area 100 test areas of size 9x9 pixels were also defined. The matrices of
covariances were formed for each set and values for D were calculated to measure the similarity

between the covariance matrices. For each reference set, values of D were computed to

compare the complete reference area (reference set) and all defined subsets.

Following the line of investigation used in speech processing, shading diagrams were used

as a "first approximation" guide to the applicability of the method to images. The type of
shading diagram used here represents a normalized covariance matrix by a block of M by M
squares, where M is the dimension of the data. A square at position (i l) has a grey shade

proportional to the normalized value of c¡. Covariance mat¡ices were normalized by dividing
elements c¡¡Ay J@¡ç¡j, which transforms them into correlation coefficients.

The shading diagrams for sets generated from four reference areas are shown in figure 2.5.

This figure shows the (normalized) covariance mat¡ix for the whole reference area in the first
diagram of each horizontal sequence, followed by the 7 samples with the smallest value of D.
(Black indicates a value +1, white indicates a value of -l). There are obvious similarities

between diagrams of sets taken from the same reference area, and obvious differences between

sets taken from different reference a¡eas. These observations parallel results from using the

algorithm with speech data where it was found that utterances from a particular talker give rise
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to similar shading diagrams [Bogner8l]. To examine the properties further in comparison to

the speech results, it was appropriate to investigate the properties of log(D). In the work done

in speech, the frequency distribution for log(D) was found to be substantially Gaussian, and in
section 2.2.l,lltjs was shown to give a reasonable approximation to the Gaussian. (The use of a

transformation using the 4.5th root, would have made comparison with the speech results

difficult and was a more complicated transformation).

Figure 2.6 shows the graphical representation of the results for the reference area of "urban".

Values of log(D) ¿¡re accumulated from the right for sub-areas taken from "urban", and from
the left for sub-areas taken from "sea", "tfees" and "land". Hence the "urbaft" curve shows

number of samples with values greater than the corresponding value of log(D), and the other

curves show number of values less than log(D). From figure 2.6 it can be seen that by

choosing a threshold of log(D)=l.8, better than 80Vo of sub-areas from "urban" would be

classified correctly.

Sea

Log D

Figure 2.6: Cumulative distribution of D for test üeÍilì compated to "urban"

The expected value and variance of D (equations 2.10, 2.Il) arc dependent essentially on the

number of dimensions of the data. With M = 4 the expected value of D = 10, and the expected

variance of D is 20 (gives standard deviation = 3.5). Clearly this is only marginally viable, but

for satellite image classiflcation the possibility of classifying 4 band images is of considerable

interest.

Table2.2 presents the average values of D when comparing covariances of sub-a¡eas from a

reference area to the covariance of a complete reference area. The average value has been

calculated using the geometric mean, which is more indicative of the central tendency of D
because of the Gaussian nature of the log(D) dist¡ibution. The average value of D is 4 to 7

times the expected value. This could be explained by the small number of bands and the spatial

overlap of fleld of view of the sensors when measuring individual pixel data. Here, too, there

are parallels with the speech work [Bogner8l]. The mean self distances measured from
examples of speech were of the order of 10 times greater than the calculated theoretical values.

This was explained by the time dependence of the pattern features being estimated, where

estimates were made every 10mS for speech with a phoneme rate of approximately 10 per

second.

0

50

u)o
o-
E
(õ
Ø
o
(l)
-o
E
=z

0

Urban

Chapær2 32



Table 2.22 Ãverage of D over subsets of a reference aÍea

Ref. area Sub-area parent names

SEA LAND URBAN TREES

SRA 42 238 786 3516

LAND 34938 65 863 1165

URBAN 2475t 109 63 t93

TREES 13062 116 93 51

2.2.4 Movingwindowimplementation

The PROC algorithm for image classification was implemented as a pixel-by-pixel classifier

using similar techniques to those used for texture analysis and filtering. Ordered

neighbourhoods are used as defined above. The image is effectively scanned by a moving

window of a shape determined by the neighbourhood's order. When the neighbourhood is

square, this method has previously been called a "box car" technique.

If p is the length of the longest row or column in the neighbourhood, pixels closer to the

edge of the image than p/2, cannot be classified and appear as an unclassified border in the

output image.

Processing proceeds as follows (using some constn¡cts frompøscal notation):

Replace the values in each pixel's vector by their log: xr¡,, + log (*0,,,) , = 1...R

For each of R reference sets do

Calculate covariance Cy, and the inverse Cy, -r

For each of the pixels in the image, but not in the border do

Begin Calculate the spectral cova¡iance C¡ of the pixels contained in the moving

window centred on the current pixel,

For each ofR classes do

Calculate D,

Compare Dr's; select and record class of smallest

end {loop to process next pixel}

{end of algorithm}

The classification steps are shown diagrammatically in frgwe2.l.
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Figure 2.7: PROC implementation for image classification.

The results of varying window size were tested using synthetic images, generated by using

the model in2.2.I with parameters taken from real data. Examples were tested with real data

was taken from 4-band multi-spectral images. A test image was formed from 4 synthetic

20Ú,0 sub-images, one from each class. Accuracy was measured on the central 10x10 square

in each sub-image. Mis-classifications occurred at random throughout the image for small

window sizes. For window sizes of 7x7 (9th order) or greater, mis-classified pixels were

generally at edges. Increasing order improved accuracy of classification markedly (figure 2.8),

helped by increasing sample sizes for the calculæion of cova¡iance.
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0 10 20
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Figure 2.8: Av. classiflcation sffor vs. order neighbourhood for 4-band test images.

A number of unavoidable artifacts are introduced by using a moving window
implementation of the algorithm. A collection of pixels used to chuacterize a single pixel
necessarily reduces resolution - a common side-effect of analysis using texture measures.

Window shape effects the shape of boundaries between classes and by its nature covariance at

edges takes on unusual values. While these limitations would be difficult if the goal of

40

E
I
ù30
(l)
c')
(d

9zo

0

q

\

\

\

\
E t¡=

Chapter2 34



classification was to identify features of the same size as a resolution element in the image, for
wide area classification of remotely sensed images, these artifacts are not so important.

2.3 Examples of image classification using PROC

Experiments were ca¡ried out to verify that the PROC algorithm with a 9th order window

could be used as a classifier, and to test if PROC could make sensible classifications under the

conditions where conventional classifiers are not usable: classifying areas in cloud shadow,

classifying areas under thin hazel and classifying a second image without retraining.

Section 2.3.1 discusses the use of PROC to classify lsrown reference areas taken from the

test images. For these reference areas, the ground truth is known accurately and it is possible to

make a good assessment of the accuracy of classification. Section 2.3.2 discusses the

classification of complete images, presenting a more synoptic view of the abilities of the

algorithm and analysing some difficulties that arise in the classification of real images. This

separation of different kinds of algorithm assessment avoids the requirement for a pixel-by-

pixel hand-classifrcation of a large image in order to gain an overall assessment of the

algorithm.

Algorithms were initially tested using Landsat MSS data. A 5l2line by 640 column subset

of the "Adelaide" scene was chosen to include some diverse, easily ground-truthed land-cover

classes. The experiments used two sets of data, which were for the same geographic area but

collected on different dates. A subset from an image laken in Ma¡ch, 19852 is referred to as

the primary image in this chapter (figure 2.9) and a subset of an image taken in October 19843

is referred to as the secondary image (figure 2.10).

Reference ¿¡reas were selected from the primary image using local lcrowledge of the area and

some photo-interpretation of the image. These areas were chosen to be as homogeneous as

possible. The reference areas were used to generate statistics to characterize 5 classes loosely

named "water", "cloud", "urban", "tfees", and "farm". These categories were chosen to be

representative of the kind of classes that would be appropriate in wide-area classiflcation (figure

2.9). No reference areas were selected in the secondary image, which was only used to test the

possibility of t¡ansferring class pararneters from one image to another. Classification \ilas

performed on data from both images using the class statistics generated from the primary

image. For comparison, classifications were performed using both the PROC classifier and the

standa¡d ML classifler.

2.3.1 Classification of image subsets to assess potential accuracy

For tests described in this section reference areas were divided into two sections, one used

for training and the other used for measuring accuracy. Results of classifications a¡e presented

in the form of contingency tables (tables 2.3 - 2.7) showing what percentage of true members

lWhere training areas àre not in sha<iow or untjer haze

?Lub"l ir :- Lar = 3439, Long = 13E59, Dâre = 291084, GMT = 3, Sun Az = 182, Sun El = n a

3l"b"l i. :- Lar = 3439, Long = 13901, Dare = 220385, CMT = 4, Sun Az = 326, Sun El = n.a
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of a class were classified as members of each of the possible choices of class. (An ideal table

would show 1007o on the diagonal andÙVo everywhere else.)

Initially, the PROC method produced poor results when categories were assigned simply by

selecting the maximum covariance similarity as indicated by the minimum D-value, following

the scheme shown in figure 2.7. On examination, D-values for a class appeared to incorporate

a multiplicative bias, possibly due to the relative size of spatial features in the class. The D-

value for a class is biased when data from a that class occurs in spatial clusters of a size less

than or similar to the moving window size. Empirically, another source of bias was l-ound t.o

be the size of the training sets, which for practical reasons were not all equal.

To defeat this bias, weighting factors were derived for the classes by examining self

classification D-values of moving-window-sized sub-samples of the training sets. The

selection of the weights by measuring a property of the training set incorporat€s some measure

of relative textural primitive feature size into the classification process. The weights were used

to scale D-values prior to selection of a maximum during classification. With these problems

ameliorated, the examination of data showed that there were occasions when PROC classifler

was clearly better than the standard ML, while there are many occasions when it is more

sensible to use class mean based classification of the ML.

To combine the classification power for PROC and ML, a classifier was developed in which

each pixel's featu¡e vector of radiance values was augmented with elements representing D, 's

and then these feature vectors were classified using the søndard ML scheme. To use such a

vector in a meaningful way under a ML classification scheme it is desirable that the form of the

dist¡ibution of each of the components of the vector be the same. In the standard ML scheme,

it is assumed that the vector is a sample from a multivariate normal (Gaussian) distribution.

This is not the case when some of the components come from a quite different distribution.

flowever, as discussed in section 2.2.1, Transforming the D, -values using a log function or

more conectly the 4.5th root function will give a distribution that is substantially Gaussian.

Hence, the hybrid scheme comprised

1) Generation of an image con[aining PROC features measured at each pixel.

2) Transformation of features into a usable range using the 4.5th root.

3) Augmentation of the pattern vector of radiance measurements for each pixel by

including the transformed D-values, creating a hybrid image.

4) Ntr- classification on the new multi-dimensional data sets to produce a class map.

This scheme gave improved results over both ML and PROC.
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True class Class (7o true class)

SEA cI-oIJl-) URBAN TREES FARM

SEA 100.0 0.0 0.0 0.0 0.0

CLOI.]D 0.0 98.5 0.0 1.5 0.0

URBAN 3.3 0.0 96.5 0.3 0.0

TREES 0.0 0.0 0.3 99.8 0.0

FARM 0.0 0.0 23.5 0.5 76.0

Table 2.3: Contingency table for primary image PROC classifications

Table 2.4: Contingency table for primary image ML classifications for
comparison

Table 2.5: Contingency table for primary image classifications using

combined PROC/ì4L

True class Class assigned (7o true class)

SEA CLOTJI) URBAN TREES FARM

SEA 100.0 0.0 0.0 0.0 0.0

WÀTER 0.0 100.0 0.0 0.0 0.0

URBÀN 0.0 0.0 95.1 0.0 4.9

TREES 0.0 0.0 0.0 100.0 0.0

FARM 0.0 0.0 0.7 0.0 99.3

2.3.2 Classification of complete images

To evaluate the complete image classifications presented in figure 2.ll itis necessary to be

familia¡ with some of the geography of the a¡ea where the data was collected. Here follows a
brief geographic introduction to figures 2.9 and 2.10 which are images of the city of Adelaide

True class Class assigned (% true class)

SEA CLOUD URBAN TREES FARM

SEA 100.0 0.0 0.0 0.0 0.0

CI-OUD 0.0 100.0 0.0 0.0 0.0

URBAN 0.0 4.2 88.2 0.0 7.6

TREES 0.0 0.0 0.0 96.5 3.5

FARM 0.0 0.0 4.9 4.2 9r.0
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and environs. These images are Landsat MSS printed in the conventional false colours that

emulate infrared film. Vegetation appears red because it is a good reflector in the infra¡ed.

The most obvious feature in the images is the sea to the west of the city. The port for the

city is formed by the hook shaped landform at the top left of the image, although the harbou¡

and docks are mostly sihrated upstrearn (lower in the picture) on the "Port River". The river is

entered by shipping from the sea heading north, then turns through east and heads south. The

main docks occur at an obvious man-made right angle in the river. The island in the hook is
"Torrens Island" which is mostly covered by mangroves, hence the intense red in the image.

There is an adjoining section of swampy mainland also covered in mangroves. The intense

blue colou¡ in man-made shapes near the mangroves is from salt evaporation pans. The darker

coloured ma¡r made shapes north of the mangroves are sewerage treatment ponds.

The city of Adelaide was originally planned to occupy a "square mile" surrounded by park
lands. This is the blue shape left of centre image surrounded by red. There is a lesser squ¿¡re,

adjacent and to the north of the city square mile also edged by park. Urban development

surrounds the business district in typical Aust¡alian style, with ll4 acre blocks containing a

house, some vegetation and an occasional swimming pool. Indust¡ial developments diverge

only mildly from this urban land use pattem, with some obvious exceptions where there is a
large factory.

The urban development is constrained (by legislation) from spreading into the foothills of a
low north-south range to the east of the city. On the far side of the range is open fa¡mland used

for farming - mostly gtazng. Within the range there are small farms, a number of st¿te forests

and some forest reserves surrounding reservoirs (see especially the "Crawford forest" at the

top centre of the image a¡rd a forest. reserve surrounding a reservoir south of the Crawford
forest).

The reference areas used were a section of se4 a cloud, a section of urban development north

of the city centre, the Crawford forest, and a section of open country east of the range. Remote

sensing methodology for classifying multi-spectral images using ML requires a far more

diverse set of training areas to ensure that the training set contains examples that can, as neat as

possible, approximate all expected values of data to be classified. In this case, simple restricted

training ateas were used so that the new methods could be compared to the established method

on the basis of the same training sets.
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Figure 2.92 The primary image, with reference areas outlined

Figure 2.10: The secondary image
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Figure 2.11 shows the classifications of the primary and secondary images using the two

methods based on PROC and using the standard ML scheme. As expected, the ML
classification (bottom row) is a reasonable classification of the Adelaide scene, but with some

mis-classifications of typical problem areas. For example, shallow water in the tidal inlet
(adjacent to the "Port River") in the upper left of the figure is misclassified. Cloud shadows

(which appear below and to the left of the small clouds in the middle of the scene) have been

classified surprisingly well. The class "urban" contains some diverse spectral data (i.e. with
texture) and is particularly difficult to characterize with the parameters available to the ML
scheme, especially because of its reliance on the mean radiance value as its prime feature.

Because of its diversity, the class "u¡ban" has become a class into which problem pixels have

been placed.

The PROC classification (using weighted D-values) agrees with the ML classification on the

whole, even though it does not. use a pixel's radiance values, but only properties of its
neighbourhood. The resolution of the classmap appears coarser, which is a side effect of the

moving window implementation. The classiflcation differs in the Port River area, where the

water has been the dominant class. Some reservoirs missed under ML have also been

highlighted at the expense of classifying peripheral pixels incorrectly. In the PROC

classification, the catch-all class for problem pixels appears to be water; e.g. water

(mis-)classification on the eastern side of the green centre strip .

As expected the results of classifying the secondary image using maximum likelihood

classification were not useful; for example, 142,060 out of the total of 326,529 pixels were

classified as cloud, and there is no cloud at all in the scene. The PROC (weighted D-value)

classification also produced some mis-classifications, but only of a similar nature to those

errors in the original classification task.

Tables 2.6 and 2.7 give an approximation of the contingency mat¡ices for classification of
the whole secondary image by the weighted PROC and ML methods. This table summarizes

the comparison to the classmaps produced by each method and the "true" classes of each pixel.

The image size was 640 x 5I2 pixels. 6876 pixels were not classif,ed by PROC because of
edge effects and are not included in the table.

Table 2.6: Contingency table for secondary image PROC classifications

Est. true class Class assisned bv PROC (% true class)

SEA CLOUD URBAN TREES FARM

SEA 99.r 0.0 0.0 0.5 0.4

CLOTJD n.a. n.a. n.a. n.a. n.a.

URBAN 9.9 0.3 54.0 18.4 r7.4

TREES 7.9 0.0 11.6 72.7 7.8

FARM 7.8 0.0 48.0 36.1 8.1
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Table 2.7: Contingency Lable for secondary image ML classiflcations

Est.true class Class assigned by ML (7o true class)

SEA CLOUD URBAN TREES FARM

.sllA 34.5 2.1 62.8 0.0 0.6

CLOUD n.a. n.a. n.a. n.a.

URBAN 0.0 52.5 46.2 0.1 t.z

TREES 0.0 0.6 4r.9 42.8 r4.1

FARM 0.0 58.4 4t.z 0.1 0.3

n.a.

To produce a "true" classmap, each of the image's 327 ,680 pixels would have needed to be

ground t¡uthed, which was impractical. An approximation to this wÍrs consl-ructed by

performing an ML classification using very carefully sub-divided spectral classes. The

approximation is only valuable in this test because biasc.s induced by this method of "true"

classmap generation should favour the ML classificalion, but despite this bias, ML is still

inferior to PROC in this example. The diagonal eletnents of the contingeücy matriccs illdicate

that the PROC method is consistently better than ML at classifying an irnage using statistics

generated in another image.

To investigate the behaviour of the algorithms, maps were produced of the discriminant

values on which the classes were assigned (figures 2.13 -2.17). For the PROC methods using

weighted D-values, these maps are designed to show a visual representation of the unweighted

D-values. Since the values span a very large range, a common approach would be to display

log D, but since the 4.5th root of D was already calculated for the hybrid technique, this value is

shown appropriately scaled in accordance with

D" - (zss-20.",[D) Q.27)

with values restricted to lie in the range (0,255) by truncation. Similarly to display the

discriminant values used by the ML scheme the values were transformed for display by

P* = ç255 -2O.logP) Q.28)

Figures 2.13 to 2.I7 each comprises 5 images which are maps corresponding to a particular

class. Under the transformations given by (2.27) and (2.28), a pixel is white if it has a high

likelihood of coming from the class represented by the map.

Inspection of the figures reveals that for ML classification, water is classified with certainty,

while for the simple PROC classification, the water discriminant function identifies itself

correctly but not uniquely. The ML probability values for the secondary image indicate that

classifications are doubtful, while PROC values have a similar range of magnitudes for the

primary and secondary image classifications.
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Figure 2.11: classification of primary and secondary images using D-values (top row),
hybrid classifier (second row), ML (bottom row). Colour indicates class:
watet:blue, cloud:white, urban:red, trees:green, farmland:yellow
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Figure 2.122 D* value maps from primary image clæsification
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Figure 2.132 D*-value maps from secondary image classification
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Figure 2.14: Probability maps from ML classification of primary image
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Figure 2.15: Probability maps ftom ML classification of secondary image
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Figure 2.17: Probability maps from hybrid classification of secondary image
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2.4 Discussion

2.4.L The results.

In experiments using Landsat MSS data, the PROC method has shown itself capable of
extracting information from an image not available using a conventional ML classifier. In
particular, it can produce a sensible classification of an image using statistics generated from a

different image.

It is self evident that because of the value of D is not affected by changes in S ¡ I¡¡,¡ r¡",¡

(illumination and sensor gain) that multiplication of the values of radiance in a particular band

by a constant should not change the resulting classification. The most important reason for

needing to re-leam spectral signatures between scenes is to take account of the varying

illumination. PROC is successful in re-using spectral signatures between scenes because of the

insensitivity to changing illumination. However, while independence from multiplicative
factors w.r.t. illumination also suggests that PROC should be able to classify area in shadow,

where the illumination and spectral content are different but constant, this process appears to be

sensitive to the level of additive noise in thetmage. Further, cloud shadow is likely to contain

pixels which have values so small that they digitized to the zero level, suppressing any

information they may carry. Because of these factors, the conclusion must be that this metric is

not suitable for classifying areari in cloud shadow.

Why can weighted D-values be used to classify an image? D-values incorporate

information about the similarity of the covariance matrix of a neighbourhood of a pixel to be

classified to the neighbourhoods of pixels in the training set. This information describes the

spectral variation within a compact spatial area. The need to weight D-values arises because in
a practical classification system it is necessary to be able to classify pixels which are not in
neighbourhoods solely populated by examples of the same class. Hence, the measured

weighting factors incorporate some information about the diversity of the neighbourhoods in

which one can expect to find pixels of a particular class.

D-values can be used usefully to augment radiance values as input to a ML classification

scheme because they incorporate spatial information that is not available in normal ML
classification schemes. Moreover, the D-values are not strongly correlated to the radiance data

and hence provide more information. Transformation of D-values for the hybrid scheme does

not affect the information content and is only for convenience of constructing a simple ML
classifier.

In a simple experiment to incorporate spatial information, an ML scheme was implemented

in which all radiance values from a neighbourhood of the pixel of interest were used in a

stacked vector -- for a 3x3 neighbowhood this gives a 36-dimensional vector for a four band

image. The strong correlation between neighbouring pixels' radiances is not unexpected, being

part of the assumptions of any Markov fleld model. However the practical result of these

correlations is that it is not possible to form a meaningful discriminant function because the

covariance matrix has no true inverse.
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2.4.2 Implementation issues - complexity, speed and parallelism

Calculation of D-values takes a long time compared to standard ML discriminant functions.

The basic calculation of the ML discriminant function is

('-'-J c: @ -Ð (2.2e)

where ¿ and C)t arcpre-computed during training, giving a complexity of O(lltfz + M) where

M is the dimensionality of r. For the calculation of D the basic calculation is
MM

ij

where C,t is pre-computed during training giving a complexity of O@,f ). It is also necessary

to compute the covariance matrix for every pixel neighbourhood, which has a complexity

O(ÀP) where N is the number of pixels in a neighbourhood. This may be lowered to O(N) with
a suitable intermediate memory store and processing sequence for a rasterized image.

Schemes of classification which compare values of discriminant functions can always be

speeded up by simultaneous evaluation of the discriminarit functions. Hence both ML and

PROC could benefit from having one processor per discriminant function. Further speed up

can be achieved by pipelining the calculation of the discriminant functions. Massively parallel

a¡chitectures implementing artificial neural networks offer possibilities of speed up with
relatively unsophisticated programming. These systems have other advantages associaæd with
leaming systems, especially learning of distributions.

2.5 Summary and conclusions

This chapter has described an implementation of a new classifier for image data based on

pattern recognition by observation correlations (PROC). This classifier was based on the

measurement of similarity of covariance matrices of collections data collected in
neighbourhoods.

A simple formulation of PROC for classiflcation of images was presented but found to
require some tuning to give good results. New results were presented about the nature of the

distribution the covariance similarity measure D and these results allowed the development of a

hybrid algorithm combining data from a PROC processed image with raw spectral data to

improve classification accuracy. By virtue of including data about a neighbourhood, the hybrid

algorithm increases accuracy in examples tes

One of the original motivating problems for this application of the PROC algorithm, the

transfer of spectral signatures from one image to another, has been shown to be valid but the

resulting accuracies are not sufficient for a production system. The other motivating idea of
classifying areas of the ground affected by cloud shadow was not shown to be viable. This was

ascribed to quantization effects in the analogue to digital conversion of data; when low valued

radiances fall below the lowest measurable level their information is lost.

The amount of computation required to extract. cova¡iance similarity measures from image

data is an important problem when applying of this method. Implementation using some
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parallel a¡chitectures was considered. The renewed interest in artificial neural networks as a

paradigm for parallel computational machines leads to ttre subject of the next chapter. Artificial
neural networks fulfil the requirement for a density-function-independent classifier, appear

ideally suited to ttre task of generation of discriminant functions and have also been of interest

in classification based on spatial characteristics.
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Table 2.8: The first 8 moments (ml...m8) of D , for N = 100, estimated over 10000

synthetic samples

Table 2.9: The first 8 moments (ml...m8) of log(D), for N = 100, estimated over 10000

synthetic samples

Bands Mean Variance m3lm2 m4lm2 m5lm2 m6lm2 m7lm2 m8lm2

I 1.018 2.232 3.358 22.07 183.31 1811 19790. 22988t.

2 3.041 6.961 2.120 11.59 77.89 693.6 7247 82973.

3 6.011 t3.36 r.453 6.631 27.13 142.2 818.4 5144.

4 10.01 22.67 1.187 5.481 19.48 95.11 499.6 2883

5 14.92 34.55 1.027 4.891 14.86 66.17 302.3 1556.

6 20.98 48.93 0.918 4.578 1295 57.06 248.5 1228.

7 28.11 69.33 0.716 3.737 7.827 30.49 99.33 390.4

8 35.95 88.87 0.759 4.r4t 10.02 43.08 166.5 756.7

9 45.04 r13.32 0.732 4.265 11 34 57.24 285.1 171.0

r0 55.23 137.87 0.574 3.s00 6.2r2 25.77 77.06 308.4

11 66.12 167.5r 0.541 3.388 5.628 24.19 72.35 310.5

Bands Mean Variance m3lm2 m4lm2 m5lm2 m6lm2 m7lmZ mBlm2

I -1.333 4.949 -1.399 6.126 -23.55 r21.4 -710.8 4708

2 0.713 0.928 -0.810 4.300 -10.62 45.26 -172.8 771.9

3 1.600 0.402 -0.506 3.685 -6.218 29.63 -90.43 4II.I
4 2.t82 0.234 -0.306 3.351 -3.341 21.08 -40.24 203.4

5 2.637 0.155 -0.225 3.r78 -2.307 L7.73 -24.33 142.4

6 2.995 0.113 -0.190 3.205 -2.110 18.78 -27.03 r73.0

7 3.293 0.085 -0.109 3.111 -1.444 17.16 -20.88 150.9

8 3.549 0.068 -0.056 3.1 16 -0.670 16.82 -9.748 134.5

9 3.777 0.055 -0.075 3.165 -0.673 17.22 -5.792 r32.6

10 3.985 0.045 -0.036 3.012 -0.303 14.69 -2.627 95.4

11 4.169 0.039 0.001 3.047 0.130 15.35 1.886 105.6
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Table 2.10: The first 8 moments (ml. ..m8) of square root(D), for N = 100, estimated over

10000 synthetic samples

Table 2.11: The first 8 moments (ml...m8) of 4th root(D), for N = 100, estimated over 10000

synthetic samples

Bands Mean Variance m3/m2 m4/m2 m5lm2 m6lm2 m7lm2 m8/m2

I 0.801 0.382 1.1 24 4.488 t3.34 52.17 213.3 946.r

2 1.589 0.475 0.576 3.363 6.019 23.67 69.77 264.4

3 2.340 0.497 0.465 3.433 5.3r8 23.88 65.60 264.3

4 3.083 0.527 0.461 3.428 5.225 24.30 67.12 280.8

5 3.810 0.556 0.385 3.275 4.038 20.23 45.00 188.3

6 4.530 0.568 0.3s9 3.240 3.780 20.18 44.78 200.8

7 5.246 0.582 0.346 3.269 3.747 20.75 45.39 209.2

8 5.937 0.590 0.324 3.258 3.659 20.53 45.37 207.2

9 6.671 0.604 0.313 3.254 3.331 19.75 38.49 181.3

10 7.377 0.633 0.313 3.t44 3.185 18.06 34.87 t59.4

11 8.104 0.634 0.243 3.072 2.398 16.34 24.89 126.0

Bands Mean Variance m3lm2 m4/m2 m5lm2 m6lm2 rn1lm2 mBlm2

I 0.821 0.r22 0.134 2.589 r.315 10.42 12.t9 57.9

2 1.233 0.077 -0.010 2.987 0.38s 15.66 9.70 129.2

3 7.514 0.056 0.024 3.t25 0.566 16.69 8.35 r24.6

4 r.737 0.044 0.046 3.147 0.304 t7.69 0.58 149.9

5 1.940 0.036 0.078 3.084 0.805 16.03 7.96 116.0

6 2.11,8 0.031 0.079 3.058 0.705 15.38 6.25 I04 1

7 2.281 0.028 0.087 3.130 1.032 16.98 13.25 131.5

8 2.436 0.025 0.t34 3.088 1.376 16.18 13.87 t\7.9
9 2.580 0.022 0.091 3.038 0.943 15.28 9.48 105.0

10 2.71.1 0.021 0.088 3.006 0.694 15.10 6.04 106.4

11 2.843 0.019 0.100 2.971 0.967 74.70 9.29 99.2
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Table 2.l2zThe first 8 moments (ml...m8) of 4.5th root(D), for N = 100, estimated over

10000 synthetic samples

Table 2.13: Expected values of 5th root of D and its first 8 moments (ml...m8), for N = 100,

(estimated over 10000 synthetic samples)

Bands Mean Variance m3lm2 m4lm2 m5lm2 m6lm2 m7/m2 m8lm2

I 0.833 0.103 -0.030 2.567 0.196 9.746 3.746 47.8

2 I 20 1 0.057 -0.148 3.027 -1.221 15.31 -10.91 106.0

3 1.442 0.039 -0.002 3.042 0.109 15.40 2.336 107.9

4 r.639 0.030 0.002 3.119 -0.152 t6.67 -3.018 127.0

5 1.805 0.025 0.084 3.t22 0.823 16.31 7.575 116.0

6 1.949 0.022 0.119 3.1 13 1.266 17.10 15.62 143.5

7 2.083 0.018 0.069 3.150 0.952 17.43 12.62 139.5

I 2.207 0.016 0.t44 3.124 1.538 17.07 16.62 133.6

9 2.321 0.014 0.141 3.013 1.442 15.86 15.71 t26.2

10 2.428 0.014 0.t12 3.033 1.t22 15.51 11.81 110.9

1l 2.530 0.0t2 0.1 18 3.059 1.243 15.89 13.98 117.2

Bands Mean Variance m3/m2 m4lm2 m5lm2 m6/m2 rn1lmZ m8lm2

I 0.841 0.088 -0.105 2.640 -0.341 10.46 0.348 53.8

2 1.t75 0.045 -0.178 3.169 -1.616 16.69 -14.31 116.6

J r.393 0.031 -0.r34 3.10s -r.079 16.01 -9.172 Llt.l
4 1.558 0.022 0.010 3.124 0.240 16.79 2.802 128.6

5 1.698 0.018 0.013 3.063 0.069 15.47 -0.589 105.7

6 1..824 0.015 0.062 3.089 0.662 t6.33 7.604 t22.2

7 1.934 0.013 0.100 3.000 0.789 14.72 6.622 98.2

8 2.036 0.011 0.100 3.098 1.047 16.55 12.t4 t27.t
9 2.134 0.010 0.079 3.025 0.790 15.46 8.897 114.4

10 2.221 0.009 0.078 3.082 0.776 15.83 8.103 110.9

11 2.308 0.008 0.136 3.032 1.472 t5.82 16.76 1t9.3
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Table 2.l4zT\eoretical values of functions of D's mean forN= 100

Bands E{DI E{loe(Ð) 4.D) q {D} E \tD) q.7D)

I 1.010 0.010 1.005 1.003 1.002 1.002

2 3.030 1.109 1.741 1.319 1.279 r.248

J 6.061 1.802 2.462 1.569 1.492 t.434
4 I0. I0 1 2.313 3.t78 1.783 1.672 1.588

5 15.152 2.718 3.892 1.973 t.829 r.722

6 21.212 3.0s5 4.606 2.146 1 .97 I 1.842

7 28.283 3.342 5.318 2.306 2.102 1.951

8 36.364 3.594 6.030 2.456 2.222 2.052

9 45.455 3.8r7 6.742 2.597 2.335 2.145

10 55.556 4.0r7 7.454 2.730 2.442 2.233

11 66.667 4.200 8.165 2.857 2.543 2.316
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Chapter 3

ANNs for Supervised Classification of
Multi-Spectral Images

Summøry: In this chapter, architectures for the classification of multi-spectral images are
examined and the multi-layer perceptron chosen as the most appropriate. With suitable
training, a neural network based on a three layer perceptron is theoretically capable of
classifying patterns from sets with arbitrarily distributed density functions in N-dimensional
space. A multi-layer perceptron, trained using back propagation, is shown to be capable of
classifying pixels represented by panerns in 4-dimensional colour space with an accuracy
comparable with the ML scheme. Some domain-specific implementation guide-lines are
developed. Results from neural network classification are presented and compared with
classification made using the more conventional maximum likctihood technique. Finally, the

internal representation in a trained multi-layer perceptron is analyzed to find out what it learnt
about the training sets.

3. 1 A flexible model-independent classifier

3.1.1 Overview

Since the recognition of colou¡ texture does not seem to be a difflcult problem for the human

brain it seems obvious to pose it as a problem for a simulated human brain - an artificial neural
network. This chapter describes the first stage - the multi-spectral part - in developing an

ANN for spectral/spatial classification. We concentrate on the classiflcation process where
pattern vectors to be processed come from individual pixels, but admit cases where some

components of the vectors may have been derived by preprocessing.

Revived interest in a¡tificial neural networks, due at least in part to the work of Hopfield and

Tank [Hopfield86] and Rumelhall" et al. [RumelhartS6], has inspired a number of researchers to

examine the possibility of creating new image-recognizing architectures. An artifrcial neural
network (ANN) is a biologically inspired paradigm for computing, in which processing is done

by a network of interconnected co-operating nodes. In most ANNs, nodes have very limited
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arithmetic power, and the inf'ormation in the network is concentrated in the values of
rnterconnections between nodes.

Amongst many aspects which make ANNs appealing fbr image processing a¡e the inherent
parallelism, the biological plausibility coupled with the fact that most humans are better at
vision than machines, a¡rd the adaptive nature of networks which allows them to learn tiom
example. The non-parametric nature of ANN learning suggests that rley could also provide a
useful approach to the design of a general classifier for remotely sensed data containing l'eatures
with unknown distributions. The microscopic level of the parallel structure of ANNs also
makes possible adding more parallel processors to hardle extra input dimensionality without
any speed penalty. However, the adaptation and learning of ANNs is not achieved without
cost; in some cases the increased time taken for a network f.o learn a dist¡ibution will represent a
signiflcant and unacceptable cost. While the attitude taken in rhe work described here is that
affordable' computer power is increasingl, this chapter includes a sober analysis oí the cost in
Lerms of time and resources of using the ANN approach

Thischapterisst¡ucturedasfbllows. Theremainderof 3.I i¡lt¡oducesavarietyof ANNs
I'or classification, gives reasons fbr the selection of a particular type, the multi-layer perceptron
(MLP)' and reviews the work by others on the use of MLPs, much of rvhich was conclucted in
parallel with the work described in this thesis. Section 3.2 defines an MI-p, shor¡,s how it can
be uained f'or classification tasks and discusses its cl¿ssifying capabiliries. Section 3.3
discusse"s the implementation of a trainable MLP, and presents a thorough exploration of kind
of'struct'ure suitable tbr classification of multi-specfial data. Results of spectral ciassifìcations
are present'ed and compared to ML classifications. Section 3.4 presents :ur investigarion int-o the
int'ernal representation developed by a successtully rrained MLp. Finally secLion 3.-5 conciudes
wif-h a discussiotl of the relative merits of rhe MLP as a cla.ssifier comparetl to ML.

From the experimental work presented in this chapter, it will be seen that lvll-ps are capable
of perfc['ming at. least as well as conventional classification (ML) in all situations, a¡d a¡e
capable of out-performing Ml,, given appropriate runing parameters. An MLp can only
acbieve bet'ter results than the ML when the unclerlying model deviates from the multiva¡iate
normal, which evidently, it does in most cases.

Of cou¡se, for the practical use of ML, prior to measuring class paranre¡ers il" is normal to
seek f'o expose multimodality of a class distribution using clustering and manuai intervention.
Under these circumstances ML works well. However, when using an MLp, r_here is no need to
examine the data in this way beforc extracf.ing the class characteristics antJ manual intervention
is not required.

lDuring the time taken [o carry out the work tlescribed in this tlresis, the typical time to train an ANN to recognisespectral signatures fronl a 4-band MSS changetl f¡onr 8.5 hours on a V¿x llflgo to l-5 minutes on a Sun Sparc2
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3.1.2 Specification of a suitable ANN

The ideal multi-spectral classifrcation system f'or remotely-sensed data is one that learns

class attributes from examples and is able to use the attributes to classify previously unseen

images. A block diagram of an idealised scheme is shown in figure 3.1. For each class a)¡ a

se¡ of reference pixels is used to train the network to have the rth output = I and all other

outputs = 0. The elements of a pixel's pattern vector form the inpuLs. The network develops its

own internal representation during training by adjusting a set of parameters 0' During

classificalion a feature vector presented to the ANN is classified according to the output with the

maximum value.

Or(x,0)

Or(x,0)

o¡U,e) outPuts

lnput

QU,E)

Feedback during training

Figure 3.1: An ANN for classifying multi-spectral data'

The functions we would expect fìom an ANN providing this role would be.feature selectiott,

class characterization and flnally clussiJicatior¿. These functions are not necessarily distinct

even in classical pattem recognition systems [Young74] and may be represented internally in an

ANN in a way that is inseparable on inspect'ion from outside.

In formulating the task, there is an important assumptìon that input data from the same class

will be clustered in feature space, ¿urd hence it will be possible to partition t'eature space into

regions which may be linked to classes. Only weak assumptions about tlre shape of the

clusters a¡e considered acceptable and there is no rest¡iction on the number of clusters tìat may

map to one class alttrough conversely a cluster may only belong to one class. Figure 3.2 shows

data from reference a¡eas identifred in a Landsat MSS image. The data is plotted as a 3

dimensional scattergram with the axes corresponding to the radiances of three least correlaled

spectral bands. The points are colour coded to indicate from which reference set t¡ey are laken.

Clearly there is a tendency for data fiom the same class to tbrm clusters in colou¡ space. A

more precise illustration of this may be seen in frgure 3.3 which shows a scatter plot matrix

diagram of the data

Summarising, the speciflcation is that the network should be able to take as input, a multi-

dimensional vector containing conìponents with continuous (or pseudo-continuous) values'

provide an output of a chosen class, and be trainable by example, i.e. learn within a supervised

leaming scheme.

x Neural Network
with parameters 0
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Figure 3.22 3-D scatter-plot of data fiom Landsat MSS reference areas
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Figure 3.32 2D scatter plots of data from Landsat MSS referenco areas
A point is plotted at position (bandr, bandy) for each reference pattern
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3.1.3 Selection of a suitable ANN

Many of the commonly lnown ANN architectures are unsuitable for spectral classification

because they are designed for binary inputs only. Examples include the Hopfield Net

[Hopfield86] and the Adaptive Resonance Theory 1 network (ARTI) [GrossbergSTa]. The

Boltzman Machine [Hinton86] was also deemed unsuitable because of the discret€ nature of its
input states. Effectively one input state is needed to represent each possible input vector.

Boltzman machines are being studied for use in monochrome image restoration (e.g.

[Longstaff90]) where the number of possible grey levels is restricted, but the number of
possible vectors in a multi-band image is potentially very large.

Other architectures were considered unsuitable because they use unsupervised leaming.

These included ART2 [CarpenterST], the Self Organizing Map [KohonenST], the Neocognitron

[FukushimaS6] and the Binary Associative Network [Kosko88]. However, the use of
unsupervised ANNs for image processing is not uncommon: Grossberg, Kohonen,

Fukushima and others have applied such ANNs to certain computer vision tasks. Computer

vision is related to the classiflcation of remotely sensed images, but the purpose of the

processing described here is not to emulate human vision. Remotely sensed images can

include more information than can be used by a human. The most obvious example is

increased spectral bandwidth, but more subtle advantages exist. For example, there is the

potential to make better use of colour information with high spatial resolution since it is not

subject to recoding and consequent spatial frequency bandwidth limiting that occurs in human

neu¡al processing of visual information [GrarnathSl]. The use of unsupervised networks may

be of use for clustering; i.e. for pre-processing data to discover "natural" groupings.

The artificial neural network variously larown as the Gamba-perceptron, Multi-layer
Perceptron (lvtl-P) and very loosely as the Back Propagation Network (BPN), accepts as input
continuous-valued data, is able to learn complex distributions under supervision and is able to

indicate a classification at its output. It is well matched to the classification of remotely sensed

data. The MLP was examined in the 1960's [Nilsson65]1 and early 1970's [Minsky69] (with

handwritten alterations in the 1972 printing) but only became useful when Rumelhut et al.

[RumelhartS6] published a semi-empirical method for t¡aining. Many of the results in this

thesis rely on an MLP trained using Rumelharl's method.

Despite the apparent mismatch between other ANN architectures and the multi-spectrat data

classification task, a number of researchers have attempted to use a diverse cross-section ANNs

by reformulating the problem. Eklundh et al. proposed a system of using associative nets

which attempted to classify regions by combining spectral and contextual information

[Eklundh86]. The input values were recoded by requantization to 32 levels and separate input

node was used for each level on each input. It was claimed that the system, which used

unsupervised learning, needed no statistical model, with a clustering procedure inherent in the

lNilr."n formulated a ML classification scheme in the same lerms as a neu¡al network, but emphasising simplicity of
structure rather lhan uniform simple function at the node. His work required the effective use of higher order node which
is not addressed in this thesis.
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learning stage. The use of unsupervised learning relies on clustering criteria which often

embody assumptions about the form of the input data in a hidden way. A particular clustering

algorithm may impose an unrecognized distorted topology on the data causing unnatural
groupings to occur. In Eklundh's paper (and many other ANN papers) it is necessary to rely

on the biological plausibility of the model used to perform clustering to ensure that groupings

of data a¡e sensiblel.

Even in using the MLP, some researchers have found implementation easier by

reformulating the problem. Benediktsson ¿t ø/. used an MLP for sensor fusion, combining

multi-spectral data and terrain elevation data lBenediktssonS9] but reformulated the problem as

one of classifying binary data into one of R classes. In their 1989 paper, they specified that

8-bit binary coding of the input data channels had been used as direct input to an ANN with 8

bits of input for each band or data source. Benediktsson's work was performed in parallel with
the work described in this thesis, and publication of the 1989 results led to the investigation of
input representation; it appears that it should be harder to generalize examples when using such

an arbitrary input space, even given that they used "gray" coding for their input representation

[Benediktsson90]. Benediktsson et al. have since developed a new network architecture

[Benediktsson9l] specifically for the classification of multi-source data-

A number of other researchers have also carried on parallel work in this a¡ea. Sheldon

describes the Satellite Image Analysis using Neural Networks system (SIANN) in use by

NASA to automatically classify images by attributes suitable for rapid retrieval f¡om databases

[Sheldon90]. Kanellopoulos e/ al. report success in using an MLP to classify SPOT multi-

spectral data formed by combination of two registered images [Kanellopoulos9l]. Hepner et al

discuss minimizing the extent of the required training sets in a preliminary report on their work

[Hepner90]. Questions that they posed as further research about an MLPs internal

representation and the ability to handle spatial information have been covered by the work
reported in this thesis.

Blanz and Gish [Blanz90] [Gish89] [Gish9O] have investigated the use of ANNs for

monochrome image segmentation, using multi-dimensional data based on derived image

features. This is discussed further in Chapter 4.

3.2 Multi-Layer Perceptrons for classification

3.2.1 Structure

A multiJayer perceptron (Nfl-P) is here considered to be a feed-forward network constructed

entirely of interconnected nodes that perform a non-linear function of the weighted sum of their

inputs. A single node's output, x', is deflned by

¡' = f(wrx) (3.1)

lThe models used are of necessity simplified and there can be no guarantee that in such a non-linea¡ system that
simplifications will not markedly affect behaviour.
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where f is a non-linear function, ¡ is the augmented state vector which includes a constant
component (1) plus all inputs -rj to the node

f = (1, )(t, ...&,...x")t

and p is the weights vector for this node,

w = (wowt, ,..wi,... l,t,r)t

where w¡ is the weight applied to the i th input and ws acts as a tlneshold for this node. A
typical node is depicted in figure 3.4.

1

xr-t,t

xt,j

Xt

Figure 3.4: A perceptron node.

The non-linear function / is most often determined by the requirement to make the network

t¡ainable. This chapter considers networks which can be trained using the modified gradient

descent method lnown as back propagation [RumelhartS6], which use the sigmoid function:

flv\ - 1
r \'-/ I + e-x (3.2)

The basic network structure of an MLP comprises a feed forward network or directed graph

(figure 3.5 ) with each node performing the fi¡nction described in equation (3.1). For Z layers,

and,I¡ nodes in each layer, the output of the j th node in layer / becomes

x¡¡= f(w"[¡.x¡_) (3.3)

In this formulation ¡o is the augmented vector of inputs.

Layer 2

Layer 1
Layer 3

3,1

lnputs
Outputs

Figure 3.5: A typical perceptron-based neural network.
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V/ith ANNs of structures other than MLPs it has become convention to refer to the inputs as

input nodes, which form a layer. A number of researchers (e.g. lHecht-Nielseng0]) now refer

to the above L-layer MLP as an L+l layer network; for example, they would refer to figure 3.5

as afour layer network, despiæ the fact thal there are only three acttve layers. Where confusion

is possible, this thesis refers to 'Z (active) layers"l. Another way of describing the number of
layers is to count the "hidden" layers. A hidden layer contains (active) nodes whose outputs

are not accessible from outside the MLP. 'Where Z=3, the network is referred to as having two
hidden layers.

In an interesting variation of the MLP structure, inputs are connected to nodes in the first
layer and, in addition, to nodes in the output layer. Connections of this kind are of interest,

especially when used in an image classification application, because it is hypothesized that these

connections allow the network to approximate simple groupings of class data in n-dimensional

pattern space with fewer weight modifications. This configuration has been investigated

theoretically by Sontag [Sontag9l] and tried practically with multi-spectral data by He et al.

[He90]. Neither theoretical nor practical results were able to establish definite advantage in this

structure, but it is likely that the many unexplored interacting parameters may be masking

potential gains.

3.2.2 Classification

In order to discuss training and MLP capabilities, it is necessary to define what
"classification" means in the ANN context. Here it is defined in the broadest possible sense as

the process which gives an output when a pattern is presented to input of the network. The

general form of the output is a multi-component continuous-valued vector. The output of an

MLP may be interpreted as a probability function [Bridle89], a competition score or simply as a

yes/no vote, i.e an approximation to a boolean function (e.g. [RumelhartS6]).

In this most general sense an MLP performs a mapping from an input space of real valued

vectors to an output space ofreal valued vectors

g:nÍ+ R'

where there are M components in the input vector and R components in the output vector. In
the MSS classification task the mapping has rest¡icted input and output spaces, the specifics of
which are stated in section 3.2.5.

3.2.3 Training

Experiments described in this thesis use back propagation [RumelhartS6] for adapting

weights. Much of the literature tends to fuse (and hence confuse) the multïlayer perceptln
stÍucture, generalized gradient descent and eruor back propagation, to give "back propagation

networks" (e.g. [Hecht-Nielsen90]). Here, these terms are used to describe different things; the

I Thi. i. the convention consistent with the work of Minsky and Papert [Minsþ691, Widrow er al. [rJy'idrow88.l. This
nomenclature is intuitively more appealing since cascading two 3 (active) layer networks gives a 6 (active) layer
network, whereas in the other notation cascading two 4 layer networks gives a seven layer network.
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MLP has been defined as a special case of feedforward network, back propagation (BP) will be

defined as a method for determining the error signal which provides information on how each

weight (especially those on hidden nodes) contributes to the output error, and generalized

gradient descent will be used to describe the way in which the error signal is used to adjust the

weights.

For an L layer network, training proceeds by applying an augmented input vector ro to the

input of the network, and comparing the resulting output vector r¿ with the required output

vector d. Weights are adjusted to minimize a cost function ¿(U4 (similar to an energy

measure) relating the errors at the output of the MLP to the values of the internal parameters W.

A typical, but not exclusive, defrnition of E is the L2 norm of the output error summed over all

training patfems:

M

4w)= I (¿,(w))= ) \ t i,,-a!> (3.4)
peP P€P i=1

where xlr is the rth output of the MLP when presented with training pattern p, df is the

corresponding desired output, and P is the set of all training patterns. Burrascano

[Burrascano9l] discusses a variety of candidates for ,E0, emphasising that the choice makes

important assumptions about the expected dist¡ibutions of the effors. For the case of t}re L2

norm Burrascano showed that the assumption is of Gaussian dist¡ibuted error, and is probably

the best choice, given that the total error comprises sum cont¡ibutions from many paraneters

and so is likely to be govemed by the central limit theorem.l

Rumelhart er a/. [RumelhartS6], [Rumelhart86a] showed that by using a recursive procedure

(BP), then the "simple del[a ruIe", a weight update rule due to Vy'idrow and Hoff [Widrow60],
could be extended to a "generalized" dellarule which gives adjustments for weights in hidden

layers. The simple deltarule is given by

Lw¡¡= P 2 <¿i -xl)xl, (3.s)
p€P

where Âw¡, is the change made to the weight on the connection from the ith node in layer Z-l to

the jth node in layer L, .r[r is the ith element of the input pattern p, and p is a carefully chosen

gain factor, not necessarily constant during training. This rule requires that the error

contributions from all patterns be measured before a weight update is made and was devised

for networks with no hidden layers.

Rumelhart et al. noted that, while the Widrow-Hoff rule requires that weight adjustments are

made with respect fo E(VV), provided p is small, gradient descent can be approximated closely
by making weight adjustments with respect to EdlÐ. This allows a weight adjustment after

presenûation of each pattem ([RumelhartS6a], page 324) and simplifies the requirement for local

memory at each node. Hence, the simple della rule becomes

A,ow¡i=q@i -*',r)xl¡=q õ!¡x[, (3.6)

lEven though this is in part a non-l.inear sum, lhere is no obviously better choice ofcost function

I
\

ì
I
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where Arw¡; is the change made to the weight from the ith to the jth node after presentation of
the training pattem p, q is a small constant gain factor, 6I¡ = dÏ - r[ is called the error signal and

other symbols are as above. There is considerable discussion about the validity of this

approximation amongst researchers, and it is further discussed in section 3.3 as an

implementation issue.

Rumelha¡t et al. observed that the simple delta rule was equivalent to minimisation of E(VÌ)

by gradient descent in weight space for a one layer network with linear activation functions.

For a multi-layer net with nonlinear activation functions it is desirable to similarly perform, or

at least approximate, gradient descent in weight space with an equally uncomplicated weight

update rule.

Consider the intermediate value ) (the input to the activation function) formed by the

weighted sum of inputs within an MLP node. The forward t¡ansfer function of a node in layer /

can be re-written (dropping the "p" superscript for convenience)
N¡_r

Ir=)wt,¡l(J,-r¡) (3.7)
J=0

where / is the activation function utd w¡¡¡ are the weights from node j in the (/-l)th layer to

node i in the / th layer, and N¿-l is the number of nodes in layer (/-1). The error function at the

output layer can be written
N¿

E(w) = I (f 0,,1- ¿ )' (3.8)
j=0

Suppose the values li¡ , for all i, are inputs to a truncated network starting at the /ttr layer.

Then the sensitivity of the network to the input )¡ is given O, 
#. 

Moreover, if we know

aE 
¡o, a]l i, we have

dJ +t¡

ðE Ù,*,,
ù,*r, ù,,

-- 
llll*ti¡

d!+u
l'(y,)

aE-+*- f*
aE_+
àYr- fr

òE

#= ra'òä#

-aE
Òtt = 

-

" ù,,

lJiW* (3.e)

Define

&
6t¡ = Í'(lu)\ 6,*r¡w,*rj,

j=o

Since w¡.,1¿ directly influences input y¡ into the truncated network, we have

òE AE Ù,'
òw,*,tj¡ ù,, òw,*rj,
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= ô,r .f0rr)

= 6t¡ xu (3.11)

For ouþut layer nodes, calculation of the eûor signal follows by taking
òE# = _ (d¡_xù

dXLj

hence

õ"¡ =(d¡- Í0ù) r'0ò G.tz)

For a network in which each node has a sigmoid activation function, calculating the

derivatives gives the error signal for output layer node j:
ôr¡ = ( d¡ - x"¡)x¡(l- x¡¡\ (3.13)

and the error signal for a node j in an arbitrary layer I is given by the recursive calculation (error

back propagation):

N-,
õtj= xtjQ - x¡¡) I ô,*r, wt+ri¡ ß.14)

i=l
'While it is common to use a sigmoidal activation function, any monotonic increasing,

continuously differentiable lunction would be suitable.

An untrained network has all weights set to randomized values. To learn from the

presentation of a known pattern we adjust the weights into node I of layer / according to the

generalized delt¿ n¡le:

¡wry= 46t¡xt-t¡ (3.15)

where 4 is the "learning rate". The value of learning rate must be chosen empirically as a

compromise between speed of learning and probability of instability. Because we are going to

allow a weight update after each pattern presentation, it is desirable to add a smoothing term to

prevent single points having undue influence on the weights, giving:

Lw¡¡¡(n) = 4õt¡ )(¡-1¡ I a, Lw¡,,(n-l) (3.16)

where ø is a term loown as "momentum" and r¿ is a counter, incremented after each weight

adjustment. Again it is necessary to select a anð q empirically, and they are generally held

constant during training. The values of ø and 4 interact in way that is described
phenomenologically by Tollenaere, who specifies a regime for altering ø during training to

speed the reduction of error [Tollenaere90]. The claim that it is possible to use higher learning

rates with the modified update rule is consistent with the increased stability afforded by the

momentum term, but this term will not obviously benefit leaming from well-behaved training

sets.

Finding the parameters of a system subject to a given mapping from input to output is a
standard optimization problem with a number of highly developed methods available for
solution (e.g. [Press86]). Learning by back propagation with gradient descent is attractive

because of the local natwe of calculations required which is consistent with the architectural
goals of ANNs. The principle of error back propagation is not restricted to use with the

steepest descent algorithm. Some researchers have used BP with minimisation techniques
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from classical numerical methods. Conjugate gradient [Moller9O], has been particularly

favoured for the updating of weights during training.

Conventional techniques use linowledge about the distribution of the error, and typically use

higher order derivatives of the mapping function to make good guesses for Âw. Where the

function specification is given by a large set of data the need for continual re-evaluation of
numerical derivatives can be very computationally intensive, making their application

impractical. Inevitably there is a price for the speed up in terms of imposition of restrictions on

the input sp¿rce, or increasing risk of finding local rninima in weight space. Such speed-ups are

necessarily domain specific. At the current stage of development there is enough uncertainly

about. the gains of using speed-up techniques to make their inclusion in a classifying system ad
hoc.

3.2.4 Capabilities of MLPs

The assessment of the classification ability of the MLP architecture is based on the degree of
generality with which it can associate regions in feature space with classes. If we consider an

MLP in which the activation frurctions are Heavisidesl (step or threshold functions), then the

interpretation quoted by Lippmann [Lippmann8T] in his widely read review paper is useful.

The first active layer in an MLP can form hyperplanes in pattern space, which can be formed

into closed subspaces by the action of the second (active) layer. The third (active) layer can then

perform the action of combining disjoint regions in pattem space to from the desired class. The

partitioning of input space is represented in figure 3.6.

This explanation is not correct for an MLP using sigmoidal activation functions, since it
takes no account of the extra approximating power available as a consequence of the

unsaturated region of the function. A number of resea¡chers have used complexity theory to
show that feedforward networks with only two active layers (in their terminology, three layer

networks) are universal approximators [CybenkoS9], [Hornik89], [Hornik90], [White90].
Being a universal approximator means that by increasing the number of nodes in each layer, the
networks can approximate any continuous function y: { s Ë . These results are proven

for activation or "squashing" functions which are only const¡ained to be monotonic, increasing,

continuous-valued but the rate of approximation is left as an open question.

Sontag has explored the capabilities of feedforward networks in terms of ability to classify
and to interpolate by formal analysis of the ability of a network to form dichotomies of pattern

space, and by measuring the Vapnik-Chervonenkis (VP) dimension of the architecture

[Sontag90], [Sontag9l]. The VP dimension is the cardinality of the largest set that can be

arbitrarily partitioned using a particular network structure. Sontag's analysis compÍ¡res relative

abilities of one-hidden-layer networks with and without direct connections from input to ouþut
layer nodes and the abilities of networks using Heaviside vs sigmoid activation functions. The

lHeavisides do not have continuous first derivatives and are therefore unsuitable for use with back propagation.
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Figure 3.6: Input space partitioning by MLP networks with Heaviside

activation functions (afær [LippmannST]).

separate comparisons show sigmoids and direct connections double the power of a particular

architecture, but no results are given for combinations of conditions.

Levin et al. disclss a potentially useful result applying to training layered networks

[Levin90]. They show by equivalencing minimum error and maximum likelihood training

criteria, it is possible to derive, first a Gibbs distribution on the ensemble of networks with
fixed architechre, and consequentially the probability of the correct prediction (classification) of
a novel example. This probability is a formal measure of the network's generalization ability,

but the application of this result is currently limited by the inability to evaluate certain required

elements of the Gibbs function for practical cases.

It is fair to say that currently available results force an ANN designer to make many

educated guesses about the overall MLP st¡ucture. Despite the narVity of the original argument

of Lippmann and the very thorough argument that one hidden layer is enough, there remains

some distinct advantages in having more than the theoretical minimum number of layers.

Sontag gives a general result showing that nonlinear cont¡ol systems can be stabilized using

two-hidden-layer networks, but not using one-hidden-layer networks [Sontagg0a]. Lang and

Witbrock [Lang88], Sietsma a¡rd Dow lSietsma9l] and others have observed that, in pracrice,

an MLP with more than the minimum number of layers can be easier to train. The practical

designer of an MLP should thus be able to take advantage of this reverse-of-the-curse-of-
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dimensionality rule of thumb: add layers to decrease the number of required nodes (possibly
exponentially). Disappointingly, Sietsma and Dow found that having fewer nodes arranged in
more layers, and in particular having fewer nodes in the first layer, interfered with the ANNs
abillty to generalize.

3.2.5 Processing MSS data using MLPs

The procedure to classify a multi-spectral image can easily be cast as a neural net
classification task. The training phase replaces the parameter estimation phase and there is no
requirement for a (guessed) model of the classes' probability distribution functions.

Let the classes be represented by (1)r, r = 1, . . .R. The MLp can be used as an N
dimensional classifier by using Ninputs and log2(R) outputs. More commonly, R ouþuts are

used, with the intention that when the input is classified as coming from class ay, the r th

output is t¡ue (high, +1) and the other outputs are false (low, 0). In practice, where the output
values of the function / are in some range, for example (0,1), the output having the largest

value is used to determine the class of the input.

During training, for each class r, the training set for that class is used to teach the network to
have the nh output = 1, and all other outputs = 0. The back propagation algorithm is used to
adjust weights. During the classification phase, for each pixel, the elements of the pattern

vector form the inputs and the pixel is classified according to the rule

xs<-- a), ë rr, ).r¿," V [s = I ...R, r* s (3.17)

(c.f. I .10) where xs, in this context, is the vector of inputs regarded as the state vector for the

zero'th layer.

This form of MLP is a special case of the theoretic ally analyzed MLP above requiring that
the output be a (binary) vector. Given that the result on universal approximators, we view the

network as defining R characteristic functions, one for each class

( toxe o+
Y,(r) = { (3.18)

l0c+xe (ù

and create R MLPs capable of approximating the characteristic fi¡nction of each of R classes.

These may be conceptually formed into one MLP in which the weights f¡om nodes in adjacent
sub-MLPs arc all zero. In practice, there will be nodes that can serve more than one sub-MLP
and integration of the sub-MLPs occurs without loss of function.

At this point it is useful to note that Minsky and Papert's prime interest in the perceptron

was for its use in the recognition of structures in images [Minsþ88]. At a micro level the

structure of spatial primitives within a pixel's neighbourhood (of the kind described in Chapter
2) is texture. This approach is developed further in Chapúer 4 by including this texture in the

input layer.
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3.3 ANN implementation

3.3.1 The problem domain

The aim of the experiments described here was to perform a supervised classification of four
band multi-spectral image data into one of five classes. Five 20x20 pixel reference sets were
abst¡acted from a 4-band Landsat MSS sub-image of the "Adelaide" scene taken March 1985.

Figure 2.9 shows the Landsat sub-image used for most experiments and with the reference

areas outlined. Each reference se[ was divided into a training set and a test set of 200 pixels.
The training set was used to estimate parameters for ML classification, and also to train neural
networks by example. The image data were quantized to 8 bits but were t¡eated as continuous

values which were scaled to lie in the range (0,1.0) for input to the neural networks.

Because of the way in which the training sets are selected, the probability that the elements of
the training set come from the class they represent is less than (but hopefully near) one. This
represents an unavoidable source of noise in the training data. It is not possible to establish

criteria for the rejection of suspected noisy data points without making assumptions about the

distributions of values. Indeed, Longstaff and Reid [Longstaff89] found that noisy training daø
was beneficial in avoiding local minima in weight space while training a network using gradient

descent. A true gradient descent method caruiot escape from local minima during optimization,
but where weights are adjusted after each presentation of an inpulouþut training pair, the

direction of each adjustment in weight space will depend on the individual data pair. It was

shown that in practice, when the adjustments based on different training data pairs all point in
the same direction towards a local minimum adding noise can cure the problem. Where the

path in weight space is determined by the ensemble of training data, this mechanism is not
available since the characteristics of the ensemble do not alter from one weight adjusting pass to

the next.

While Longstaff and Reid investigated a simple boolean logic problem, this thesis argues

that the same reasoning can be applied to MLPs with continuous valued inputs and a collection
of training data which is a representative sample from an unknown but smooth probability
distribution. Experiments here showed that the inability to reach a desired error criterion could
be cured in most cases by increasing the network size. V/ith a trainable-sized MLP local
minima were not observed despite a large number of trials. Conversely, in those cases where it
was not possible to find a trainable-sized MLP, the large stopping errors were consistent for
different weight initializations indicating that the network had found the, albeit unacceptably
large, global minimum.

3.3.2 Implementationissues

The parameters to be chosen for these experiments were the number of nodes in each layer
in the network, the value of learning rute q and momentum cx, (training parameters) and an

appropriate stop-training criterion. The criteria were that the network had to converge in a
reasonable time (preferably as fast as possible), and that the resulting accuracy of classification
as measured by "number correctly classified" must be as large as possible. A major problem
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in implementing tle simulated ANN was the lack of clea¡ implementation guidelines in the

literature. It was particularly noted that most theoretical papers relied on small scale problems

to show application of results. The XOR problem is seminal to the work of training MLPs

using back-propagation a¡rd is an interesting and difñcult problem for machines with simple

nodes whose only function is thresholded sum-oÈweighted-inputs. However, its results do not

scale, and they are not. necessarily applicable in systems where the inputs a¡e conlinuous-valued

instead of Boolean. At t-tre time of beginning this work, published examples of systems with

continuous valued inputs was limited to Gorman and Sejnowski [Gorman88], describing a

limited domain problem. In the absence of descriptions of simila¡ systems in the literature,

parameters were determined pragmarically by experiment and by over-design.

3.3.2.1 Structure

A three layer MLP with Heaviside activation tunct.ions is demonst¡ably able to perf'orm

classification of mulf.iva¡iate data and allows interpretation of the weights using Lippmann's

simple MLP explanation. An MLP with sigmoidal activalion funcúons is seen to be a more

general case of t-tre MLP using the Heaviside activation tunction, and should be capable of the

same function with fewer layers. An MLP with 3 (active) layers rvas chosen fbr the

classification of MSS data primarily because it is certain to be trainable.I

The structure is described by t-he string Ne-N'-Nr-N, where N¿ the nulnber of nodes in layer

L. In this chapter, the MLPs have full interconnection bet.ween layers; i.e. a node in layer 2 will

have inputs from all nodes in layer l Such full interconnectivity may not. be required fbr this

cask but at this time theoretical results regarding the so-called fan-in of a node exist only f-or the

case of boolean functions.(e.9. see [Redding9l]). ln subsequent chapters, tull interconnection

will not be assumed, and structure of interlayer interconnectjon will also need to be considered.

The values of No and N, are determined by the input dimensionality and number of classes

respectively, leaving N, and N, to be selected to give a network that was trainable, rather than

optimai (figure 3.7). In the MLP the only inf'ormation-carrying quantities are the weights. If
we consider the weights as pÍìrameters which are to be determined by the data, it is possible to

argue that training a ANN is an parameter estimation problem and it may be etther under-

determined or over-determined. This ca¡r be used as a guide to the MLP structure.

Following estimation theory, an MLP is considered to be filly determined if the number of
weights in the network is equal to t.he number of inde¡tendent elements in the (complete)

training set, a¡rd under-determined if there are f'ewer weights. However, it is important to note

that typical training sets contain much replication of data points. The replication conveys

information about the frequency dist¡ibution of the data, and hence the importance to be given

to each component of the data to be classifled. Hence more weights may be justifìed. On the

ot-lrer hand, it is possible to model or "leam" P data points exactly, given P+l degrees of

I Tlre ùme taken for sinlulation wa-s a peripheral but practically irnportant issue. Wllile not proven for scaletl up

networks, for "toy" problenrs a t¡ainable 3 layer net will have fewer nodes than a 2 layer net, and hence need less úme
to simulà|.e.
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Figure 3.7: MLP slructure.

freedom. Theref'ore an MLP is over-determined if it has more weights tha¡ there a¡e training

set elernent"s and it. is wise to set a (loose) upper bouttd on the number of weights to be t-tre total

number of training set elements.

There is a further expectation that a trained classifler should be able to generalize. In this

problem domain, generalization is defined as the ability to classity unseen examples that differ

only slightly from the elements of the original training set. by distortion, noise or the natural

variability of the ground reflectance. If there are enough free paramete¡:s l"o enable the neural

network to lea¡n every training data point exactly, then by analogy with polynomial curve

fitting, there is no guaranteed predictable behaviour in any part of the input space not defined by

training data. Hence a criterion for the selection of ANN structure is that it should not be

capable of memorising every point in the training set. An ANN approach to a problem is

valuable if the use of nodes with non-linearities makes it possible to capture the nature of the

training dat-a, to the same degree of accuracy, with fewer parameters that a classical system.l

In order to obtain an empirical guide to the influence of structure on the classifrcation result,

175 different MLP structures of type 4-Nt-Nr-5 were t¡ained over 50,000 iterations to recognize

the 5 classes of training data. There were 200 examples of each class in the training set making

a total of 1000 examples. The classification accu¡acy of each trained structure was evaluated by

classifying a test set of data which was not the same as the training set. To overcome any

dependence on the random initialization of the weights, 10 t¡ials for each structure were caried

out with different initializations. Weights were initialized with values from a uniform

distribution with ttre range (-1.0, +1.0).

There are a variety of ways of presenting the results and hence influencing the interpretation.

For an MLP with insufficient nodes, common mode of failure is for it to ignore the existence of

llo f""t, there can be no reason to use ANNs if there is not apossible more efficient recoding of the information via the

non-linearities, which here serve as basis functions. A good reason for relying on the sigmoid non-linearity to provide

the generalizalion capacity is that it is biologically inspired. (Currently the human brain is considered to be the best

available generalization system.)

5
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one class and leam to be as good as possible on the other classesl. This behaviourproduces a

worthless neural network, but one that may have an apparently acceptable mse calsulated using

(3.4) or its variant used in the next section. For these t€sts of structure, the error analysed was

the largest error made in classifying any of the 5 classes; i.e. the "maximum class error"
(MCE). This number can range from zero for all test data correctly classified to 1007o

indicating one or more classes completely misclassified.

It is also not straightforward to measure useful statistics that summarise the results from 10

trials. If classifications will based on a single t¡ainable MLP rather than the most trainable of a
selection of MLPs, the expected value of the eûor over the 10 t¡ials is the most usefrrl value. If
an MLP is selected on the basis of the best of 10 trials (which must be assessed using an

auxiliary test set), ttren it is valid to look at the minimum value over all t¡ials. In this section,

the expectation is examined, but elsewhere it will be relevant to adopt the second approach.

To calculate the expected value of MCE an estimate of the probability distribution function is

required. In the absence of extensive trials for each structure, the best estimate is of Gaussian

error, so we examine average value and the standard deviation. Figure 3.8a represents the

MCE for each structure averaged over 10 trials. Figure 3.8b shows the standard deviation

calculated over the 10 trials for each structure to provide some information on the variability of
the result. Student's r-dist¡ibution for a small sample of 10 trials gives a997o confidence

interval of approximately 1.25 times the standard deviation [Freund7l]. Here, for the non-

l00Vo enor cases a typical value of standard deviation is 1.57o, which gives a 99Vo confidence

interval of +1.97o

An approach to training a network discussed in section 3.2.5 is to train a number of ANNs
to learn a sub-goal and then place the ANNs along side each other to effectively become a

multi-class classifying ANN. There is an inherent belief that some of the nodes will be able to

be shared hence forming an integrated network. The size of the MLPs found useful for 5 class

classification of MSS data was relatively small. Since there is no guide to which nodes can be

shared before training, it would be necessary to train sub-nets with the same number of nodes

as the complete network in all but the last layer, and then prune the network by eliminating and

sharing nodes. For this particular classification task there is no obvious benefit accruing from

the sub-goal approach.

lThi. i. rather like a student electing to only learn certain parts of a subject in the hope that only those sections will be
examined
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Figure 3.8 suggests that a 4-0-6-5 MLP with a single hidden layer can on average produce a

result at least as good as a two-hidden-layer network. While this is shown more clearly in

figure 3.9a, figure 3.9b shows that the best result achieved over 10 trials was always obtained

by an MLP with two hidden layers.
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3.3.2.2 læarning rate (gain) and momentum

The learning rate 4 and momentum o, were selected by experiment to be 0.3 and 0.0

respectively. Some authors(e.g. see [Tollenaere90]) have suggested that it. can be beneficial,

even though computationally expensive, to choose the parameters to be specific for each node.

In practice, such a scheme is difficult to manage and in the experiments described here 4 and
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were chosen to be common to all nodes. Figure 3.10 is a plot of gain vs mean squate leaming
enor (mse), as defined by (3.4).
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Figure 3.10: mse vs iteration wirh difÏerent gains for a 4-5_6_5 MI_p.

Figure 3.11 is a section across the end of plots of the kind shown in figure 3.10 for 3

different structures of MLP. Consistent with the theory, larger gains are more prone to error
due to taking over-large steps in weight space during gradient descent. Smaller gains are

favou¡ed but choosing a gain too small causes no learning to take place.
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Figure 3.llz mse vs gain after 50,000 iterations for MLPs of structure 4-N1-N2-5.

3.3.2.3 Stop-Training criterion

The stop-training criterion is pivotal to the optimal training of the MLP. The most obvious

criterion is that for some e = 0.1 (lÙVo of max value)

r,(8 VxeP (3.19)

where sr is the training error for a particular training input x, and P is the set of all training

patterns. Evaluation of this criterion can only take place at the end of each epoch, which is not

satisfactory when adjusting the weights after each pattern. (Here an epoch is a complete pass

tlrough the training set). An error criterion which may be evaluated with minor overhead after

each weight adjustment is defined by

sf < e Q.zO)

where sf is the smoothed mean square training error, defined as

M
-1) 2 @'r, - dÐ'l (3.2r)

i=l
and sf-l is the previous value of sf and P is the total number of patterns in the t¡aining set. rj is
initialized withslo= 1.0. This pessimistic but useful definition is required because of the

"noisy" nature of the t¡aining sets.

An alternative attractive stop-training criterion is to stop when the benefit gained per weight

adjustment (also called benefit per iteration) falls betow a given threshold. Figure 3.12 shows

the training histories for three experiments up to 50,000 weight adjustments. The near-straight

È.tJi+sf =|{tr
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line plott,ed on a log-log axis suggests lhe mse is a function of the iteration, k (and hence of the

epoch) ofthe form

sf;= c k' (3.22)

where c and a are constants. As the weights are refined to allow the ANN to approximate the

required learning rule more closely, gains in mse are masked by individual cla.ssification effors

especially from outliers in the training data, giving a "noisy" curve, and making it hard to

estimate the benefit per iteration. By fltting a curve of the form of (3.22) Ío mse vs iteration

data it is possible to predict when the benefit will fall below the th¡eshold. A similar metric

used in optimization is the relative error stopping criterion which has the form
lr k-AEfJ.t G.22)

Jì

Clearly this involves storing a complete set of sf, one after each presentation of a pattern. A
further related stopping criterion would require keeping a nrnning îverage of the size of Âw and

stopping *t"n ffi was sufficiently small.

4-25-6-5

4-75-6-5

4-125-6-5

1000 10000 50000

Iteration

Figure 3.122 mse vs iteration for different MLP structures.

Another possible stopping criterion is cease taining just beþre "oyer-training" occurs.

"Over-training" is defined to begin when further adjustments of the weights to minimize mse

cause an increased error in classification of an independent training/test set [Chui9l],
lMarshall9l] . By analogy with polynomial curve fitting, if there are more degrees of freedom

than required (here, more weights than required) the network can learn the test data exactly.
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However, because of the ext¡a degrees of freedom, there are no constraints on the behaviour of
the function for data near the fitted points and hence no guarariteed powers of interpolation or
generalization.

While there can be no argument with the concept, the practical application of this criterion is

flawed. It is necessary to have an independent auxiliary training/test set to assess whether the

net is trained. The independent data in the auxiliary set could have been used to give a better

estimate of the weights and hence avoid unpredictable behaviour for data from that particular

auxiliary set. Testing separately against the auxiliary set can only guarantee that the network

will behave predictably for a particular combination of test and auxiliary set. A positive aspect

of the auxiliary dataset approach is that training is faster. However, the accuracy achievable is

bounded above by the accuracy of the combined-dataset case and may be significantly less.

In practice, the only usable stopping-training criteria was found to be smoothed mse

modified to include a maximum number of weight adjustments, since in most cases, the

maúmum training error of 0.1 could not be reached. Kolen and Goel [Kolen9l] call this r-
convergence, where I is the limit on the number of epochs. Most results in this thesis indicate

accuracies after 50,000 weight adjustments, which appeared to be a good compromise stopping

time. Other trials carried out with the same data verified that there w¿N¡ no benefit in increasing

this number to 100,000.

3.3.3 Analysis of best classification accuracy.

In this section we investigate the results of accepting the network structure and set of weights

that produces the best classification accuracy (least enor) over 10 training sessions. This leads

to a different view of the results of the trials in which 175 different MLP structures were tested.

The graph of minimum MCE over 10 t¡ials (figure 3.9b) shows that while a one-hidden-layer

network may be appropriate for a situation in which only one try at learning is allowed, where a

number of trials are possible the two-hiddenJayer network is capable of a more accurate result.

Considering only two-hidden-layer networks, figure 3.13 shows a surface plot of minimum

MCE over 10 trials for hidden layers up to size 25-6. The results for I node in the penultimate

layer are not shown since such nets all scored l00%o enor. A simple conclusion from this

diagram is that between 3 and 6 nodes in each of the two hidden layers will give a good result.

Figure 3.14 shows summary statistics and a percentile plot of the MCE values encountered

over the 1750 trials. The network with structure 4-6-3-5, gave the minimum value of 6.57o

MCE. Such a network has 67 adjustable parameters (weights) There were a further 11

instances giving enor of 7Vo.
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Figure 3.13: Best over ten trials of max class error after 50000 iterations using different

network structures 4-Nl-lrl2-5.
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Figure 3.14: MCE over 10 trials of each of 175 MLP structures- some structures with 1007o

error or with no nodes in one hidden layer omitted for clarity.

The MLP classification examples with the minimum MCE are presented in table 3.1. For

the purposes of comparison, classification accuracy from standard ML classifrcation using the

sarne training and test sets is included as a benchmark. In each of these selected best-cases, the

MLP is able to achieve much better accuracy tha¡r the ML benchmark.
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Table 3.1: Comparison of classification aÊcuraßy

Classifier Class Errors (CE) (Eo) I0idCE (Eo) ACE (E")

1 2 3 4 5

ML 0.0 0.0 16.0 6.9 17.4 17.4 8.1

MLP:4-6-3-5 0.0 1.5 6.5 6.0 6.5 6.5 4.1

MLP:4-3-5-5 0.0 1.5 7.0 7.0 7.0 7.0 4.5

MJ-P:4-4-3-5 0.0 1.5 7.0 7.0 6.5 7.0 4.4

MLP:4-7-3-5 0.0 1.5 7.0 6.5 6.5 7.0 4.3

MLP:4-25-3-5 0.0 1.5 6.5 6.0 7.0 7.0 4.2

MLP:4-3-4-5 0.0 1.5 7.0 7.0 4.0 7.0 3.9

MLP:4-17-3-5 0.0 1.5 7.0 6.0 6.5 7.0 4.2

MLP:4-4-5-5 0.0 1.0 4.5 7.0 6.0 7.0 3.7

MLP:4-16-3-5 0.0 1.5 6.0 7.0 7.0 7.0 4.3

MLP:4-9-3-5 0.0 0.0 6.5 7.0 5.0 7.0 3.7

MLP:4-21-4-5 0.0 r.0 6.5 7.0 7.0 7.0 4.3

MJ-P:4-23-3-5 0.0 1.5 6.0 5.5 7.0 7.0 4.0

MJ-P:4-25-6-5 0.0 1.5 9.5 4.5 10.0 10.0 5.1

As intimated above, while for a particular classification task the average class error
(ACE) is of some interest, the maximum errot for a class (MCE) is of considerable practical

importance. Further, because of the non-linea¡ nature of the ANN classifier the two quantities

are not linked by a simple functional relationship.

3.3.4 An example of real image classification

Figures 3.15 and 3.16 show the classification of a5l2line by 640 column subset of the

"Adelaide" scene used for the generation of the reference sets used above. The five 20x20

pixel reference sets used in the previous section were used to estimate parameters for ML
classification, and also to train the neural network.

The accuracy of classifying real images is difficult to measure without 1007o ground-truth

data. However, we observe that pictures are similar but that they contain a number of errors

which depend on the nature of the classifler. The ML technique makes errors where classes

have texture. ML also fails where the training set was not diverse enough to describe all

possible members of that class; i.e. it is not able to generalize. The MLP fails for the same

reason but on different image features, in particular, the area of cloud shadow. Neither the ML
nor MLP classifiers were presented with any data from the area of cloud shadow during

training and the substantially correctly classification of cloud shadow by ML emphasises the

robusbress of the conventional teChnique.
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Figure 3.15: Classification of an MSS image using ML

Figure 3.16: Classification of an MSS image usins MLp
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3.4 Analysis

3.4.1 Overview

Given that it is possible to t¡ain an MLP to distinguish multi-spectral classes with an

accuracy approximating that of ML, an interesting question is "can we look inside the ANN to

see what it leamt''. One approach has been to create connectionist expert systems in which the

intemal representation is imposed on the neural network as part of the t¡aining. This approach

via synthesis is not easily inverted for analysis. Rules explaining the behaviour of nodes are

accessible only in the simplest of networks [GallantSS], [Sun91].

Since the weights in the network are the only information storing mechanisms it seems

obvious to see if they contain a recognisable form or the support for a recognisable model.

Section 3.4.2 presents a brief examination of the trained weight values from a t¡ained MLP and

makes some observations about structure. Section 3.4.3 presents a method for mapping the

partitions of the input space formed by the weights by transforming the input space and then

taking a two dimensional projection.

1n3.4.4 an attempt is made to examine the "energy" surface formed by each output node

plotted against the input variables. This is informative for 2-dimensional inputs, but becomes

difficult in higher dimension input space. A novel approach to mapping the nodal responses to

4 dimensional inputs is given. This approach has not been used before in this contexl

Having explored the information content of the network , section 3.4.5 concludes with an

attempt to reconcile the developed internal representation with the model of the MLP as a non-

linear filter. There is also a postscript on the pruning of networks.

For the purposes of analysis, three t¡ained MLPs were selected from those documented in

table 3.1. These t¡ained networks comprised the weight values for which best results were

obtained for networks of structure 4-6-3-5, 4-3-5-5 and 4-25-6-5 . The actual weights are given

in table 3.3 at the end of this chapter.

3.4.2 Interpreting raw weights

A number of researchers have attempted to assign importance to particular weighS in a
trained ANN. For example, in a number of publications Hinton has used boxes of shapes

proportional to the size of each weight to produce a map of weights for interpretive purposes

(e.g. see [Hinton87]). For an MLP, such as those used previously in this chapter, of any but

trivial size, trained by a complex training set, it needs courage to single out any weight as being

responsible for any particular behaviour. The final weights for one of the 4-25-6-5 MLPs

t¡ained in section 3.3.2 is represented as a colour coded image in figure 3.17. Observing this

image, it is clear that certain nodes are not contributing much to the result. For example node 2

in layer 2 makes little difference to the output of the layer. (A weight near zelo is represented

by a colour close to white.) Stronger colours in the representation of layer 3 weighs indicate

that output nodes learn to make more defrned decisions than the input nodes.
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While a static display of weights is difficult to interpret, observation of the development of
the weights can lead to some fruitful conclusions. A dynamic display of the development of
these weights is provided in attachment A. The dynamic display shows 68 frames representing

the weights in a network being trained, sampled every 800 weight updates. Interesting features

of the development of the weights are the obvious eady development of the weights in layers

nearest the output layer. Another rema¡kable feature is that none of the weights depicted

changes sign during training. This suggests that the random initialization of the network

weights is used as a basis for development, with correct weights being reinforced and incorrect

weights simply being reduced to an insigniûcant value. This process would seem to have a

human-like interpretation in that the ANN begins with prejudices, none of which a¡e lost, but

some of which are ignored while others are favoured. The fact that some connections become

irrelevant after training has been rccognized by Sietsma and Dow [Sietsma8S] and has been

used as one of the criteria for network pruning. A related algorithm for pruning in the light. of
activation maps is discussed below.

3.4.3 The partition of pattern hyperspace

In the explanation of the operation of an MLP by Lippmann [LippmannST] the frrst active

layer provides hyperplanes that partitions input space. When the activation functions are

sigmoids instead of Heavisides this is a loose approximation. However, this explanation is

intuitively appealing and is easily visualized when the input space is two dimensional. Since

data here is four or more dimensional, a dimension reducing tra¡rsformation is sought.l

We seek to visualize hyperplanes of the form of (3.1) which we ¡ewrite here as:

{x: wtr =0 } (3.23)

which, expanded for a 4-D input space becomes

wo+ w,l,t+ w2x,2+ wút* wú¿ = 0

Data collected by multi-spectral sensors has large between band correlation, making eigen-

vector analysis suitable. Based on the covariance of the input sample data, this form of feature

reduction comprises a transformation of the data into a space in which most of the information

is contained in a smaller number of features. This is variously known as principat component

analysis, KL transform and singular value decomposition. Principal components analysis has

been widely used for the analysis of MSS data UensenT9l, [Richards86], tli89l. This

transform is a rotation in input space of the normalized data, based on the eigen-vectors and

eigen-values of the sample input data cova¡iance. In matrix form the t¡ansform is written:-
-v2

Y = A."Er(x -T) e.24)
where f"{e RaP, X =!xt,..."*]is the matrix of t¡aining data vectors, T = xË, where

!T=[1,...l]isavectorof pones,,1-u'i.diu(,r;'o,...L;'o),wherel,¡aretheeigen-valuesananged

in descending order and, E contains the eigen-vectors corresponding to the Ài arranged in
columns.

lIt is possible to produce a representation in 3D, but the multiplicity of planes yields confusion.
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For any particular vector, this gives

y =A-"E'(¡-Ð (3.25)

For convenience, rewrite the equation for the hyperplane given by (3.23) using un-augmented

Yectors

{x: w' x -- -wol ß.26)
In the Eansformed input sp¿ìce, the hyperplane can be written

{l: w' çE At''! +x ) =-¡aro¡ Q.27)

{l: w'E A"! ='wo'w'll ß.28)
Writing the hyperplane in the new coordinate system as

{l:v'Y =-Yo}

it is possible to identify

vo =wo+w'x (3.29)
f_v21

v, =lwr E A"-), (3.30)

v, = L," ETw (3.31)

If only the two most significant axes are considered, then depending on the input data, often

with only a minor loss of information, it is possible to display the data in 2D. The partitions of
input space formed by nodes in the fust active layer of an MLP can be shown in the new

coordinate system by a line of the form

lz= alt* b (3.32)

with
Vt
V2

b=-vol2

Table 3.2 gives the numeric values calculated using the cova¡iance matrix of the combined

training sets (i.e. training data representing all classes). The large value for "variance

proportion" indicates that for the combined training set it is possible to concenftate most of the

information into the first principal component. However, this does not carry any information

about the usefulness of the first principal component in distinguishing between classes. hr this

case, the t¡ansform is being used as a visualization tool.

(3.33)

(3.34)
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Eigen-values Variance

Proportion

Àr 19835.s8 0.984

Lz 282.95 0.014

Ìr3 30.83 0.002

?ua 7.75 0.000

Table 3.2a: Eigen-values arid vectors of reference data

Eigen-vectors

(x¡t) (*¡r) ( * x") (*¡¿)

E1 -0.5 -0.532 -0.502 -0.464

E2 0.52( 0.412 -0.357 -0.653

E3 -0.533 0.39s 0.566 -0.49

Ea -0.435 0.626 -0.548 0.344

Table 3.2b: Principal components transform based on covariance of reference data

)r = -0.003551 x1 - 0.003778 ¡z - 0.003561 h- 0.003294 xa¡1.191749

lz= 0.031270 x1 ¡ 0.024476 xz - 0.021249 13 - 0.038804 x4+0.674074

)¡ = -0.095937 xt + 0.071091 ¡z +0.101914 13 - 0.088217 xa+Q.463162

)+ = -0.156320 x1 a 0.224720 xz - 0.196865 xz +0.123578 xq+1,.720912

Figure 3.18 shows the partitioning of the transformed input space by nodes in the first layer

of each of the 3 pre-trained MLPs selected for close analysis. The lines represent the

intersection of the transformed decision hyperplanes and the hyperplane containing the fust and

second principal components Ðres, )l1 Mdyz (with. y3=Q, )+=0). In each case it is clear that the

decision hyperplanes are oriented nearly at right-angles to the direction of the first principal

component. Recall that the direction of the transformed axes is determined by the complete

training data and not necessarily the best selection for separating a particular pair of classes.

Therefore is possible and likely that some of the discriminatory power of the network is present

in other principal components, explaining the fact that the decision planes' intersections with the

)t axis are not exactly at right-angles. Maps of other y¡ combinations did not give clear

separation of input data into groups, with lines far from any data, probably because of a

limitation of the representation. Even in figure 3. I 8 some decision hyperplanes appear to be in
positions that will not contribute to a classiflcation decision. This interpretation is a

consequence of the limitation on fhese diagrams to depict only the intersection of a hyperplane

with the axis. The output from a node is a continuous valued function due to the continuous

valued activation function (the sigmoid) and hence contributes to the decision even when the

plotted line is distant from the data point being classified.

Of most interest is the depiction of the 4-3-5-5 network, where it is necessary to be as

efflcient as possible in the first hidden layer in order to code the information for classification in
just the 3 states which are passed to the next layer. Since there are only 3 nodes in the flrst

active layer, it is possible to show the recoded data as a 3D scatter plot (figure 3.19). It can be

seen from the plot that the classes have become separable, spread out over the possible locus of
values allowed by the activation fi¡nctions.
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3.4.4 Interpreting weights by probing with tesUtraining data-Activation maps

A common method to assess the performance of an ANN is to map the output energy

function vs the input variables. Lang and Witbrock used this method to examine the behaviou¡

of a network designed to solve the two spirals problem [Lang88]. The spirals problem can be

easily visualized using 3 dimensional plots because the output is a scala¡ function of two
(spatial) input variables. However, the interpretation of output with respect to 4-band image

data is not as simple because the output is a function of th¡ee variables, f(x¡,band).

The nature of multi-spectral data is that it is sparse in spectral space, and partially correlated.

Given that the best examples of likely data values ¿¡re the members of the reference sets used

for training (and testing), it seems logical to investigate what a network learned during training

by observing the response of each node of a t¡ained network to each element of the reference

set.

To aid this investigation a new construct called an "activation map" is introduced. An
activation map has the form of a set of horizontal strips, one for each node in the layer being

considered (figure 3.20). The colours within a strip represent the response of the node to an

input at the corresponding position in the input image. The colour key indicates the range of
values. The particular colou¡ coding was chosen to allow nodes which a¡e inverses of each

other to be easy to distinguished with the intermediate colour of white portraying an

"undecided" output.

For the activation maps shown below, the input image comprises 2O-pixel by lOline
subimages, each subimage containing the test set for a particular class, with classes ordered I to
5 from left to right. If we consider the input data to be the output of nodes in a fictitious layer 0,

we can use an activation map to depict the input image used to probe the node responses.

Figure 3.21 shows input data, one horizontal strip for each band of the image. The values have

been normalized to lie in the (0.0,1.0) range. There are five blocks per strip, one for each class.

The activation maps for the output layer can be interpreted loosely as certainty maps. These

maps comprise one horizontal strip for each output node and the 5 blocks within a strip

represent that node's response to each of the 5 input blocks, one from each class. The ideal

map has red blocks on the diagonal and blue everywhere else. The output layer maps shown in
figures 3.22b,3.23 and 3.24 show various degrees of mis-classification for the differently
structured networks. In each of the output maps it is clear that classes I andZ are well defined

with particular pixels causing problems. From figure 3.21, itcan be observed that the locations

in class 2 wherc the problem pixels occur have values that are dissimilar to the rest of the

training data and may be outliers or even errors in the training set. Looking at columns 3, 4 and

5 of the output layer maps, we see that classes 3,4 and5 a¡e less easily separated. Comparing

maps for the different structures, we see that the confidence of the classification by the 4-25-6-5

network is greater than that of the other networks. Note that the intermediate valued areas do

not necessatily imply mis-classification since class assignment involves frnding the max value

over the 5 strips for a particular pixel position.
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Figure 3.232 Activation maps from MLp of structure 4-6-3-5
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3.4.5 Modelling the ANN as a filter

In this section two related models which are suitable to describe the operation of the neural

network a¡e examined; in one case the ANN is considered to be acting as a set of filter banks to

recognize the correct classes, and in the second c¿uie we hypothesize that the ANN performs

ML classification.

The ANN is characterized as a set of filters by describing the actions of the layers in

producing coded forms of the inputs. For example, for the 4-25-6-5 MLP, each node in the

output layer must take 6 values from the second hidden layer and form one output indicating

certainty that the current network input is from this class. In terms of the activation maps, each

node in the output layer must interpret a column in the previous (2nd hidden) layer's activation

map in order to deduce a class assignment. The output layer is performing a template matching

with the outputs of the 2nd hidden layer.

Charucteization of the function of the ûrst hidden layer in a moderately complex network is

not as easy. Clearly it needs to extract features of inputs that can be used to code for class

characteristics. Examining the simplest of the activation maps for the 4-3-5-5 MLP reveals that

nodes I andZ develop different intemal representations of class 3 but similar representations of
other classes and hence are capable of extracting useful features.

The conventional classiflcation technique, ML, produces the best results for data which has

Gaussian multivariate distribution in colour space and uniform random distribution in spatial

location. It is useful to analyze the activation maps to discover if a multilayer perceptron is

leaming to do ML under these assumptions, since these a¡e the only t¡actable conditions.

To classify each pixel, it is necessary to calculate a discriminant function from (1.11),

g,(x)=-roglCJ -(x-m)'C,t(x -rn). We assign the pixel to the class for which the

discriminant function is maximum. The flrst part of equation (1.11) has the form of a log of a

class de.pendent quantity. This could be handled in the neural network by the bias (wo) to the

third layer since this term is a constant over all pixels that can be added after the main

discriminant calculation.

The second part of (1.11) is the calculation of a Mahalanobis distance, which involves the

product of the zero mean input, x' with the inverse of a class cova¡iance matrix Cit giving:

(x')'C,t(¡'). The required output is a function comprising sums of terms of the formx¡cx¡
where r, and x¡ are elements of the input vector and c is a constant. These product terms are

difficult to calculate in a linear system and can only be approximated by a flnite network. It is

hypothesized therefore that the first layer could form a set of weighted sums of the demeaned

input vector. Taking into the account the non-linearities in each node, x¡cx¡ could be

synthesized when the outputs of first layer nodes were summed by the second layer. The third

layer could add these suns together to produce a Mahalanobis distance.

Examining the activation maps shows that this description is too simplistic. The trained

network functions as a non-linea¡ filter, but the frurctionality is distributed throughout the
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network. Indeed, this att¡ibute has att¡acted attention for its potential fault tolerance, and is one

the att¡ibutes that makes and ANN att¡active.

3.4.6 Redundancies

Observation of the activation maps for layer 1, indicates that some of the nodes a¡e

performing very similar tasks. For example, in the activation map for the 4-25-6-5 MLP
(figure 3.22a) nodes 7 and 8 appear to be constructing the same function of the inputs. It
should be also possible to detect nodes which a¡e inverses of each other.

The visual similarity of the node responses suggests a simple automatic pruning algorithm

of the form:-

For all pairs of nodes in the layer

If response of the two nodes is equal within a specified margin

for all members of training set (all classes)

then one of these nodes is redundant.

A more sophisticated algorithm could detect nodes which form scaled replicas of each

other's responses. Removal of the redundant nodes and combining of the appropriate weights

should lead to reduced calculation during classification.

3.5 Discussion

The purpose of the architecture described in this chapter is to classify multi-spectral data

using the spectral information alone. This task is directly equivalent to partitioning a feature

space into regions which are labelled as containing only data from one class. If the æchnique of
classification is to be useful, it must have advantages over classical techniques that justify the

relative cost of computation measu¡ed in the most general way. This is usually assessed by

examining speed, accuracy and computer storage (memory) requirements. The weight given to

these components of the assessment varies with currently available hardware, with currently

available software, especially operating system software, and even with fashion. Some of the

material included in this section is intended to Ey to provide the reader with some gauge of the

importance given to these factors at. the time of writing.

For ANNs, and for many other classification schemes, the speed of training and

classification are quite different, and there are important trade-offs between speed and accuracy

during the training phase. Accuracy is treated first, assuming some common trade-offs.

3.5.1 Accuracy

The accuracy of an MLP is as good as or better than the standard ML in all cases.

We expect that data taken from a multivariate normal disfribution will be classified by the

ML and optimal MLP classifiers with the same accuracy. It has been shown conclusively

[Burrascano9l], [Hampshire9O], [Mackay9la] that an MLP can approximate a Bayesian

classifier to any small €, given that it is trained using the appropriate network error function.
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Where there is no prior infbrmat.ion about tle probability of a parúcular class occurring, t-tre

most. appropriate error function is the widely used function given by (3.4) [Burra-scano9l]. An

optimal MLP is defrned to have the weights giving the best possible result on test data, and

implies that there are a number of sets of weights developed by performing training from

different weight initializations. It remains an open question, how many trials a¡e necessary to

give a high confrdence that the best MLP weight configuration discovered is near optinlal.

Where data does not have an underlying probability distribution function (probability density

function) conforming to the normal model, we expect that the MLP will perform betær than

ML because its performance is not based on a model of the data. Of course, a true maximum

likelihood classifier is not limited to a multiva¡iate normal model of data, but it would be

necessary to estimate a model, possibly different for each class, and suitable statistical

cha¡acteristics to allow a t:rue maximum likelihood scheme to produce a result as good as an

optimal MLP. The compact representation provided by a parameterized normal model is

considered to be one of the t¡ade-offs of the ML scheme; some accuracy is forfeited in favour

of an easily collected set of parameters. As noted previously, the normal model is surprisingly

robust under va¡iations from the normal distribution.

In practice how well the MLP and ML perform is primarily a function of how well they can

be trainedl. Training in the ML (with normal model) scheme depends on how well the class's

density functions can be characterized by a combination of underlying model and available

training data. How well an MLP can be t¡ained depends on the network structure, the stop-

training criteria and to some extent, the random initializations of the MLPs weights and

thresholds. A speed-accuracy trade-off for the MLPs used here is that training is halted after

pre-determined number of weight updates, regardless of the residual error.

For the MSS reference data, selection of best MLP st¡ucture and weights over a number of
trials, gave an accuracy far exceeding the MLs accuracy. Even the use of best weights for a
pre-determined structure (4-25-6-5) gave an accuracy exceeding ML; an error of S.lVo vs an

enor 8.l%o. However, training one MLP from a single initialization of the weights cannot be

guaranteed to have even near-optimal performance. Further, if the network structure is

inadequate, the MLP cannot leam all classes. In some cases not detailed here several MLPs

became expert at clæsifying four classes at the expense of the fifth class.

3.5.2 Speed of classification

Speed of operation can be measured in terms of complexity of calculation and in terms of
time steps. The speed of operation needs to take into account the difficulty of the calculations;

for example, multiply-adds are (generally) faster than evaluation of an exponential function. On

a serial machine we defrne a time-step to be the time for a multiply-add and assume that a

functional evaluation takes significantly longer than one time-step. Add and subtract operations

are assumed to take significantly less than one time-step.

lAs measured by classification accuracy on an independent test set.
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It is a truism that any classiflcation algorithm "will n¡n faster in special pulpose hardware"

and it is clear that both algorithms presented here for comparison will run faster on parallel

ha¡dware. However, the speed up from special purpose hardware is particularly relevant in the

case of the MLP since any implementation in serial hardware can only be called a simulation.

What is claimed here is that since ANNs promise to become widely used subsystems for
signal processing, control and classification problems, it is likely that neu¡al net hardware will
be considered to be a general pulpose "black box" that can be configured for specific problems

in the same way that an affay processor is utilized for specific problems. To be fair, attention is

paid here to the value of special purpose hardware for ML and MLP, describing the kind of
speed-ups each algorithm can expect. Also, as noted above, the speed of classiflcation and

training ate separate issues. Because training of an MLP is a processes of iterative reflnement

of classification accuracy comparisons of classifrcation power will be presented first.

In the simplest case of serial calculation, for the ML scheme to classify an M-bandpixel into

one of R classes, R evaluations of a discriminant function are required, giving R(M2 + ltí)
multiply-add operations (2.29). The simplest parallelization is to allocate one processor to each

discriminant function which reduces the number of time-steps to (M2 + M) Further

parallelization could be achieved by performing some of the multiply-adds required for matrix

manipulation in parallel. At the cost of R.M processors, the number of time-steps could be

reduced to 2.M. WiÚ¡. R.I,tz processors the number of steps could be reduced to 0(log ItI).

For a serial machine simulation of an MLP with three active layers, classification of an M-
band pixel into one of R classes requires one multiply-add for each weight plus one evaluation

of the exponential function for each active node. Evaluation of the exponential in output nodes

is not required during classification since class is selected using a maximum operator (which is

also used in Nfl-). Hence total operations are

( (¡ø + 1)L, + (L, + l)Lr+ (L2 + I)R I mutt-adds + I L, + In | function-evals

where the terms in the multiply-add part correspond to contribution from each active layer.

Functional evaluation will take a long time unless performed using a look-up table, in which

case it is assigned one time-step. Using a look-up table int¡oduces quantization errors into the

function value and the size of an appropriate look-up table is subject to memory-speed trade-off

considerations [Xie9 I ].

For a t¡ue ANN, possibly implemented in analogue VLSI [Verlysen9l], t]re philosophy is

that the operation of all nodes in one layer can take place in parallel. Hence the number of time-

steps required is equal to the number of active layers (three), although a time-step will be longer

on an analogue machine than a digital machine. Time taken for a classification is independent

of the number of nodes and inputs. This means that there is no penalty for having a more

higily dimensional input vector; for example, there will be no difference in classification time

between the speed of classifying a 4-band image and a256-band image.

On a hybrid machine, where each node is implemented aä a digital VLSI processor (see for
example [Watson9O]), it might necess¿ìry to perform the calculation inside a node in serial,

causing the number of time-steps to be
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l(u+ l)+(2, + 1)+ (k+Dlmutt-adds + lLr+ Inlfunction-evals

where each bracketed term in the multiply-add refers to the contribution from a layer. In
general, hybrid machines need to be considered on an individual basis to gauge the degree of
speed-up.

For an image with many pixels it is often advantageous to bogin processing one pixel before

the last has completed, a process lnown as pipelining. To design a pipeline processor, the

classification process must be decomposed into a set of serial subprocesses. The speed of a
pipeline is then controlled by the slowest subprocess. Clearly, the speed-up is a ratio of the

time taken for the sum of the subprocesses to the speed of the slowest subprocess. Given that

an increase in speed would be first pursued by making the process as parallel as possible, any

comparison of the speed-up of ML vs the speed-up of an MLP is highly speculative because of
strong dependency on the hypothetical parallel machine structures.

3.5.3 Speed of training

During training, the object is to distil the essential characteristics of the training set into a

convenient, often compact, form.

In a scheme such as ML, training requires the estimation from the training data of mean and

cova¡iance for each class. This takes one pass through the input (training) data and requires

O(M.lrl) operations where N is the total number of examples in the training set1. Classification

uses the inverse of the covariance matrices, so training generally includes another O(Uz¡
operations to invert one covariance mat¡ix per class.

Training an MLP requires repeated presentation of the input data, with the presentation of
each sample requiring a complete classification which can take a wide range of time-steps

depending on the a¡chitecture of the machine implementing the algorithm. It is sufflcient to

observe that in most cases training an MLP takes much longer than ML and must be justified

by the possible improvements accuracy and generalizing power.

The work described in this chapter was performed on a SUN4 work-station using the

LUCID image processing system. Some simulations of the neural network needed 10 minutes

of training time, while the generation of statistics and the inversion of the covariance matrix

took seconds. Both the neural network and ML classification processes could achieve

considerable speed-up through the use of parallel processors, although in different ways. Both

methods classify one pixel at a time and would benefit from the ability to handle many at once,

for example, by the use of a pipeline processor. The neural network techniques used here

contain scope for parallel processing of a single pixel's vector a¡rd a considerable speed-up

could be expected using special purpose neural network simulator hardware that is currently

becoming available.

lAssuming that N>>M, where M is the number of bands in the multi-specÍal data.
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3.5.4 New algorithms to speed-up training

Various researchers have attempted to reduce the number of presentations of data

train a neural network by modifying the weight update rules used in gradient descent back-

propagation training. The most often cited technique is the use of conjugate gradient techniques

[Moller90]. These techniques have been developed in paratlel with the work described in this

thesis and have not been explored. However, it is fair to observe that the use of conjugate

gradient forces weight updaûe to occu¡ only after a complete presentation of training data, it
requires storage of the previous gradient and it need a line search in its objective function.

Further, the considerable speed-up that conjugate gradient optimization affords the simulation

of an MLP is not necessarily transferable to a real ANN.

Another approach has been to alter the architecture to speed training; for example, quickprop

[FahlmanS8], and cascade correlation [Fahlman9O]. The existence of faster algorithms and

various gradient descent speed-ups does not invalidate results here. The un-adomed back

propagation system used in this thesis shows the capabilities of the MLP and does not exclude

the use of faster weight update rules. However, some speed up techniques incorporate

assumptions about probability density functions of the training darz and would need to be test€d

with MSS data.

3.6 Summary and conclusions

This chapter has described the use of a multi-layer perceptron for the classification of multi-

spectral images. Theoretically it is possible for a trained MLP to per:lbrm as well as the

standard ML when data comes from an underlying probability density function that is well

chuacteized by the multivariate normal model used by ML. Where data comes from a

different dist¡ibution, it is expected that the MLP can exceed performance of the standard ML
scheme.

The experiments presented in this chapter verify that for an MLP with a carefully selected

structure it is possible to exceed the accuracy of ML by a considerable margin on MSS data.

Further, given an over-large MLP it is still possible to routinely exceed the classification

ac€urÍrcy of ML, given a good selection of weights during the training phase.

As expected, the quality of training as measured by testing the trained MLP against a test set

was found to be highly dependent on the randomly selected initial weights. (These represent a

particular the starting point in weight space.) Repeated trials showed that when weights are

t¡ained from an arbitrary point in weight space, the resulting MLPs accuracy cannot be

guaranteed to give to a good approximation to the best trained MLPs accuracy, on average.

From this it must be concluded that, to be reasonably confldent that an MLP will classify

accurately, weights need to be selected after repeated trials in which weights are initialized to

different values, and the resulting MLP is assessed by testing its accuracy on an independent

test set. To do this, the scarce resource of reference data will need to be partitioned into a

training set and a test set. This is also a problem in statistical pattern recognition and has

standard compromise solutions [Duda73]. The issue of how many trials are required to select a
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good set of weights is beyond the scope of this thesis, but ten trials were observed to be

acceptable for this kind of data

Given a trained MLP it is reasonable to ask about the intemal representations of classes that

are learned. This was addressed using a variety of visualization techniques, some of them

novel. Partitions of input space were examined by Eansforming input data into a two

dimensional space for ease of display and also transforming the partitioning hyperplanes

defined by the first layer weights into the new space. Decision hyperplanes were observed to

cross the principal component axis of the training data almost at right angles indicating best

possible orientation for discrimination.

This chapter has also described the use of activation maps to probe the operation of three

multi-layer perceptrons for the classification of multi-spectral images. Observations of these

maps show a relationship between hidden nodes' responses and the required output suggesting

that the MLP acts as a non-linear adaptive filter. It is possible to detect potential redundancies in

the networks based on these observations. The maps from the output layer give an indication

of the certainty of classification confuming the relative measured accuracy of the three

networks. However, extracting evidence for particular internal representation within a trained

network remains a difficult task.
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Table 3.3a: Weights leamed by MLP of structure 4-6-3-5

from laver 2

Layer 3 node

node I node 2 node 3 node 4 node 5

bias -6.2629 -5.9569 -6.8683 3.3970 2.5731

node 1 9.6377 -5.6270 -5.7363 -5.9472 -15.1051

node 2 -5.9056 0.9108 10.7541 -16.918s -3.33s1

node 3 -3.3742 8.1276 -6.4851 -3.4880 -7.2864

from layer 1

Layer2

node I nodeZ node 3

bias -r.2833 0.8s07 -t.6925

node 1 5.5761 -8.0101 -5.7882

node 2 4.2182 -5.6047 -4.8714

node 3 -6.1265 4.1075 1.1 348

node 4 -4.7323 3.3036 2.2734

node 5 -3.0455 2.2139 t.44tt
nôde 6 0.6782 -1.06t2 -2.5228

from inouts

Layer I
node 1 node 2 node 3 node 4 node 5 node 6

bias 3.2690 1.57t9 -1.0962 -3.4096 -2.5650 0.2563

input I -9.3943 -6.4258 3.7909 3.7103 2.3063 -r.4989

input 2 -9.4862 -6.7979 5.2419 3.7196 2.6605 -1.5698

input 3 -r.4269 -2.0561 4.0588 1.9346 r.4587 -0.9862

input 4 2.3908 0.2199 2.t0r3 0.0211 0.0910 -0.73r3
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Table 3.3b: 'Weights learned by MLP of structure 4-3-5-5

from inputs

Layer 1

node I node 2 node 3

bias 4.3261 3.4979 -1.3111

input 1 -10.8343 -5.7t99 4.3526

input 2 -11.8849 -5.7479 5.7598

input 3 -2.5857 -2.2470 4.2888

input 4 2.9606 -0. 153 I 3.0056

Table 3.3c Weights learned by MLP of structure 4-25-6-5

from layer 2

Layer 3

node I node 2 node 3 node 4 node 5

bias -3.5927 -5.5364 -3.8172 2.4894 1.6955

input I 10.1976 -6.8185 -6.4881 -6.7977 -ls.9808

input 2 -6.3481 2.9967 9.9684 -16.4491 -2.6600

input 3 -4.4128 6.9919 -7.0884 -2.9171 -4.9636

input 4 -3.4015 -3.2215 -4.2100 t.8377 1.7761

input 5 -2.4595 1.0199 -o.4457 -2.4304 -3.4017

from laver 1

Layer2

node 1 node 2 node 3 node 4 node 5

bias -4.t07r 4.0516 -0.4154 0.2885 1.1609

input 1 8.s755 -9.3094 -5.5768 2.3945 -3.5240

input 2 2.7576 -4.9286 -7.7911 0.4592 -3.1731.

input 3 -7.6387 5.4706 2.2685 -0.3991 r.7r02

from layer 2

Layet 3

node I node2 node 3 node 4 node 5

bias -3.2836 -2.185s -t.0289 -1.1 1 90 r.9446

node I -3.5564 7.4253 -6.8778 -2.5497 -3.6115

node 2 -4.2755 r.t047 6.5879 -5.0457 -6.3114

node 3 -2.5848 -0.8187 -0.5024 -t.1876 -0.2288

node 4 7.8865 -3.6280 -3.4332 -8.1429 -4.1314

node 5 -2.5791 -2.2815 -1.8901 -0.8851 1.1 692

node 6 2.7637 -4.5155 -6.8779 6.0582 -6.2306
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from laver I

Layer2

node 1 node 2 node 3 node 4 node 5 node 6

bias -1.0663 0.81-56 0.6125 -1.7423 0.9502 -1.16ó0

node I 0.1950 1.8656 tt.1??7 -1.9395 -0.3494 -2.8738

node 2 0.0-565 o.toM 0.0301 -2.5966 0.4235 -1.3900

node 3 -3.2',t28 -3.9691 4.1102 2.5318 -0.2t93 4.1254

node 4 0.8638 -0.1867 0.0223 -2.5662 0.6079 -1.8355

node 5 -2.L224 -2.9054 4.1802 0.5550 o.6972 2.6339

node 6 1.2696 4. I 683 0.6468 3.3979 -0.4025 -4.7862

node 7 o.7178 2.1122 o.7767 -2.4771 0.3346 -3.247t

node 8 0.8005 2.9064 0.0165 3.3137 -o.0926 -3.6568

node 9 o.9529 2.?325 o.6901 -3.9188 -0.2101 -3.7592

node 1O -2.0694 -3.9679 {).4160 l.-5950 0.1007 3.6058

node 11 -2.94U3 -4.9886 n.ß70 2.91?4 0.5031 4.s549

node 12 -0.8-559 -1.1821 4.M20 4.8122 -0.2542 0.t64I
node 13 -0.4096 -0.111l 4.4279 -1.0100 0.3908 -1.0953

node 14 -1.4921 -o.4(M8 0.t226 {.5140 0.537'l 0.2822

node l-5 -0.0760 1.0901 4.2085 -1.9139 o.4t79 -2.0065

node 16 -2.5412 -r.2836 4.0lll 2.t8'0/. -o.4603 1.5980

node 17 o.2812 2.616? 0.3959 -2.@59 0.3263 -3.0663

node l8 -0.9945 -1.M17 4.0899 4.2255 0.5814 0.48ó9

node 19 -0.1768 1.9158 o.4f52 -t.'1695 -o.0263 -2.t765

node 20 -2.8090 -2.2721 {.0ø.37 2.3529 -o.?725 2.60?5

node 21 -2.4350 -4.2393 {.1014 1.6651 o.5627 3.7659

node 22 -3.0641 -4.8343 4.6104 2.0597 o.4137 4.6852

node 23 -3.542t -5.2083 4.9033 3.3707 o.t962 5.M6
node 24 -t.46tt o.4496 4.27t4 0.1478 -o.t457 -0.2591

node 25 -0.5292 -0. r r36 0.3952 4.7365 0.0965 -o.2656
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from

Layer I

node I node 2 node 3 node 4 node 5 node 6 node 7

bias -1.3403 -0.9203 1.8538 -1.3255 0.7854 -2.1922 -1.6202

inout I 2.8394 0.5481 -5.139 1.1698 -3.7672 5.1468 2.8638

input 2 2.679 1.2904 -5.9622 1.0005 -3.9447 6.0939 3.5391

input 3 0.9834 0.9027 -2.1966 t.7054 -0.6857 1.4701 r.4392

input 4 -0.8219 0.9593 0.0781 t.2502 0.429 -0.8897 -0.2938

from

Layer 1.

node 8 node 9 node 10 node 11 node 12 node 13

bias -1.8007 -1.8144 t.3244 2.0202 -0.6936 -0.6626

input 1 3.88s3 3.3727 -4.321,5 -5.9037 -0.8161 0.4904

input 2 4.4212 4.s943 -5.647r -6.9074 -1.2914 -0.1 107

input 3 1.2038 1.9838 -1.8871 -2.t179 -0.21.36 0.2559

input 4 -0.1558 0.4281 t.0527 0.6591 0.4608 -0.3322

from

Layer 1.

node 14 node 15 node 16 node 17 node 18 node 19

bias -0.4769 -1.0118 0.7998 -1.4275 -0.3692 -1.0828

input I -0.6971 1.4487 2.4005 3.1526 -0.9s97 2.1245

input 2 -r.0592 2.0125 -2.2t43 3.4688 -t.9821 2.4187

input 3 -0.282 0.4478 -1.8502 0.7973 -0.7396 0.1861

inout 4 -0.572 -0.083 -1.353 -0.9524 0.4886 -0.7169

from

Layer I

node 20 node 21 node22 node23 node24 node 25

bias 1.1801 t.5164 r.9519 2.3704 -0.4616 -0.8399

input I -3.3507 -5.0601 -6.0999 -6.5423 -0.0494 -0.3893

input 2 -3.8044 -5.5509 -6.7766 -7.7671 0.0239 -0.061

input 3 -1.8242 -1.8575 -1.6319 -2.481 -r.1977 -0.3317

input 4 -0.9062 1.0572 0.9334 0.5966 -0.9323 0.098r
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Chapter 4

ANNs
Data

for Incorporation
a

IN Classification of
Images

of Spatial
Multi-

Spectral

Summary: Ideally, an artificial neural network should be able to discover the concept of
texture without aid if it is trained with all data from a neighbourhood. An MLP using 3x3

neighbourhood information gives an improvement in classification accuracy over the simple

MLP approach, but at the cost of much greater network complexiry. A more fficient scheme is

proposed that uses spatially structured but otherwise un-preprocessed data as input to the

neural netvvork By augmenting a pixel's multi-spectral datawith datafrom particular shapes

("cliques") from within the pixel's neighbourhood it is possible to significantly reduce the

complexiry of the nework and achieve a marginal increase in classification accuracy for some

data. There d,re many other possible extensions of the image-classifying multi-Iayer perceptron

that allow incorporation of texture-like information. Texture information can be incorporated

explicitly by augmenting input vectors with measures from conventional, predzfined texture

feature generators. For comparison, some experiments were carried out to test this approach,

but it is computationally expensive, mak¿s assumptions about the nature of texture and needs

I ar g e ne i ghb o urh o o d s, re d uc in g app ar ent ima g e re s oI ut i on.

4.1 Overview

The aim of the work described in this chapter is to make use of spatial information in an

image to improve classification accuracy obtained with an MLP. An MLP with adequate

capacity and an unlimited number of examples from which to learn could ideally learn about the

spatial structure of the multi-band radiance values, taken over a neighbourhood of the pixel to

be classified.

The expectation that an MLP could perform this function under ideal conditions is based on

the study by Minsky and Papert of the "perceptron" as a machine that could learn to recognize

geometry of structures in binary images [Minsþ69]. Minsky and Papert showed that there

were certain stmctures that a single layer perceptron could not learn under any circumstances.
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They briefly discussed multi-layer networks for general structure recognition, but did not go

further because at the time there was no training method available. With the publication of the

back propagation algorithm, this was no longer true.

In this chapter, it is asserted that spatial constructs, called "texture" by image interpreters, are

repeated micro-st¡uctu¡es which could be recognized (under ideal conditions) by a multi-layer

perceptron. Regularly repeated microstn¡ctu¡es form the basis of texture in the work of Lu and

Fu [Lu78], Vilnrotter [Vilnrotter86] and to a lesser extent Rao[Rao90]. What is conjectured

here, is that to be recognized consistently by an MLP, it will not be necessÍrry for the structutes

to be repeated in a deterministic sense, but only in a stochastic sense.

Further, it will also be centfal to the theme of the chapter (as indeed it is to this thesis) that.

colour texture (multi-spectral texture) is a image construct. that carries more information than

the sum of individual monochromatic textures. Therefore, we will treat neighbourhoods as

arangements of coloured entities and will not model the image as M separate bands which each

give rise to separate texture features (an approach used by Kamata et al. [Kar.itata9l]). Any

decomposing of the input information will be on a spatial rather than spectral basis.

Other researchers have included spatial information in multi-spectral image-classifying

ANNs. Eklundh et al. used some neighbourhood information in an unsupervised MSS-

classifying associative net [Eklundh86]. Hepner mentioned the possibility of including spatial

data but gave no details [Hepner9O]. For monochromatic image-classifying ANNs it is
common to use a preprocessor to give a multidimensional input vector with components

corresponding to texture features; there are examples of the use of fi¡st order textures features

as input to an MLP [Blanz90] [Gish89] [Gish90], Ha¡alick's texture features [HaralickT3] with

a linear vector quantizer ANN [Visa90], Laws' texture features [Laws8O] with a probabilistic

relaxation-based ANN [Hsiao90] and Zernike moments with probabilistic relaxation

[Khotanzad90].

The aim here was to use the MLP to learn appropriate preprocessing by supplying it with

enough neighbourhood information for each pixel (and enough training pixels). Section 2 of
this chapter presents some exÍrmples of classif,cations of multi-spectral images based on a 3x3

neighbourhood. The input to the MLP comprised all the multi-spectral data from a 3x3

window cent¡ed on the pixel to be classified. The classification methods were tested using data

from La¡rdsat MSS, Landsat TM and SPOT-XS (multi-spectral) images. Improvement in

classification accuracy over the spectral-only MLP was observed for each data set tested.

To increase accuracy further, the input of the MLP was structured to provide "hints" to the

MLP about the nature of spatial adjacency. In this approach, claimed to be unique, individual
nodes in the first active layer were assigned information from particular "cliques" in the input

window. In some cases, this improved accuracy. In all cases this speeded training and

classification using a simulated MLP. In an MLP realized in ha¡dware this approach would

represent an important saving in complexity.

For comparison, some texture feature generators, including PROC from Chapter 2, were

tested as preprocessors for use with an MLP. Some of the preprocessors tested gave good
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results but at the cost of imposing a priori models on the nature of expected texture. Practical

problems a¡ise in implementation, with some methods being extremely time consuming.

Results for full image classification did not appeil to justify the amount of computation

required for the preprocessing operation.

In all approaches tested, the use of the MLP as the classification engine gave bett€r accuracy

than the use of (equal priors) ML. It is clear that the MLP is able to develop a better internal

model of the (possibly pre-processed) data distribution than the assumed multivariate Gaussian

dist¡ibution used by ML, and for which ML is optimal.

4.2 An MLP using neighbourhood data

4.2.1 Learning texture in an unstructured neighbourhood

With an appropriate set of weights on connections from inputs to the first active layer, all of
the data in the neighbourhood of the pixel to be classified could be a source of spatial

information. For example, a class called "suburban" might consist of semi-regular blocks of
green lawn, red roof and blue swimming pool. Another class called "recreation parks" may

also contain green lawn pixels but not in the same spatial relationship. We would like to be able

to distinguish between the two information classes, and a¡e not interested in swimming pools

or lawn as such. The aim is to use the MLP to learn texture as micro-structure that might be

characteristic of a particular class by observing examples consisting of a pixel's pattem vector,

the desired class label, and the pattern vectors of all the pixels in the neighbourhood of the pixel

to be classified.

Given that we accept the existence of textured classes, then it is necessary to amend

assumption Al of Chapter I so that the measurements comprising the image X are no longer

const¡ained to be completely local. Assumption At is a consequence of the requirement that

P(r¡¡l)Ar¡¡, T)= P(x,lT) (4.1)

where \r¿¡ means excluding r¿¡. Allowing the existence of texture, the model becomes:

P(r¡¡l)flr¡¡,T)= P(x,lxlivr,,T) Ø.2)

where X!, ue the data in a neighbourhood of (k,[), and the neighbourhood is defined as before

by nr,= {(i,,j,), (ir,jr),...(irn_,,j"n_,),(k,l)i(i^,j)cZ } suchthat(k,/) e 4¡j ë (i,j)e qo,

This is similar to the condition required to model the image as a Markov random field (MRF)

model [Derin89].

The model used here differs from an MRF in two aspects. In the conventional model, it is

assumed that it is possible to measure a "texture" function that characterizes spatial structwe

within the whole image, by examining neighbourhoods. Here we only want to characterize

spatial structure within data from a particular class, and we imagine that different classes will
have different textures. Also, when using a strict MRF model, it is necessary that

neighbourhoods are non-overlapping. Here we relax that requirement.

The process of classification involves scanning the image with a moving window that

identifies the neighbourhood data to be provided to the MLP to classify each pixel. By
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choosing the moving window from the class of ordered hierarchical windows defined in

Chapter 2 after [Derin89], the size and shape are determined by a single "order" parameterl

(examples given in figure 4.1). This system of windows has some symmetry properties which

will assist the MLP to be independent of certain texture micro-structure reflections and

rotations" The use of these ordered windows also imposes the requirement of spatial adjacency

on the pixels in a neighbourhood making the concept of neighbourhood more intuitive.

E trEtr trEtrEtrtr trEtr trtrD trtrEtrE trEtrtrtr
trEtr trEtr trtrE!trtr trtrEtrtr trtrEtrtrtr trtrItr OOO trtrEtrE trEtrtrtrtr trEtr trEtrtrtr

1234s678
Figure 4.1: Hierarchical neighbourhoods with orders 1 to 9

The scale of the texture is important in determining the size of an appropriate moving

window. Some experiments carried out. on monochromatic textures reinforced this view.

Standard monochromatic textures [Brodaø66] were formed into a test image and classification

was attempted using a 9 input MLP (a 3x3 neighbourhood). Normalized,256x256 images of
D24 and D112 (Brodatz's numbering) were split into left and right halves (RH and LH).

Networks with va¡ious order inputs were t¡ained onD24 LH and Dl12 RH, and tested onD24

RH and Dl12 LH (figure 4.2 shows a sample of the test image).

Figure 4.2: Monochromatic texture test example.

It was not possible to reduce the mean square error (mse) of any of the MLPs tested below

approximately 0.2 for 100,000 exemplars2. Results of classifying the test set with final weights

(i.e., after 100,000 updates) indicated that an MLP with information from a large

neighbourhood would be required to give reasonable classiflcation accuracy (figure 4.3).

Examination of the texture example reveals that the distance between features is quite large

compared to the size of the lower order neighbourhoods, explaining the problems in learning

any characterizing featr:res.

I The order pa¡ameter is related to the radius of the symmetrical neighbourhood. Order zero js the pixel itself. Each new

order increases lhe radius by enough to include the mimimum number of extra pixels, while maintaining symmetry.

24. io Ch"pt"r 3, a weight update was made after each exemplar presentation.

I
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Figure 4.3: Error vs order for va¡ious 9-N1-6-2 MLPs on the monochromatic texture

discrimination problem.

In the computer vision literature, texture features have been generated from neighbourhood

sizes rariging from 3x3 [Unser89] to 1lxl1 [Laws80] and beyond. While a larger window is

desirable to capture long range correlation in the image and hence large features, the larger the

window, the more difficult it is to define edges of the textures and there is a consequent loss of
resolution in the output. image. The converse problem also exits; given that a texture can only

be cha¡acterized by a microstructure of size at least A, then it would be incorrect to label any

group of pixels less than size,4 as having that texture.

The problem of scale can be resolved by using domain specific parameters. The domain

considered here is restricted to images from satellite sensors which are appropriate for wide

area classifrcation. Initially, a 3x3 (second order) window was investigated since we wish to

retain the highest resolution possible and also to avoid excessive calculation. The use of a first

order neighbourhood was rejected because it would not allow diagonal pixel relationships. The

3x3 window limits the sort of texture that can be recognized to that in which variation is short

range with varying pattern vectors occurring in semi-regular groups of 9 or fewer pixels. The

kind of land cover to which this t¡anslates is govemed primarily by the resolution of the satellite

sensor. For Landsat MSS with 80m resolution, classes with (physically) large scale features,

such as "cultivated lands", could benefit from 3x3 windows. For SPOT-XS (multi-spectral)

with 20m resolution and Landsat TM with 30m resolution, the benefits will apply to other

classes with smaller scale features, for example, "urban". The higher resolution satellite

images are more likely to have classes with texture since the improved resolution will lead to

the detection of short range variation that was previously hidden by the flltering effect of the

lower resolution sensors and associated optics.

A simple preliminary test to check that an MLP with a 3x3 window can learn microst¡ucture

was carried out using an image in which one half was a checkerboard and the other half was
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Gaussian distribuæd noise with the same grey-level distribution function as the checkerboa¡d

(figure 4.4). The hypothesis was that if an MLP with a 3x3 window could leam s[n¡cture then

it would be able to differentiate between the two halves of the image, one with structure and one

without, whereas an MLP that could only see a single pixel at a time would not be trainable.

This hypothesis was confirmed using MLPs of structure l-25-2 and 9-25-2. An MLP with

first order neighbourhood was also able to leam to distinguish the two halves of the image.

Figure 4.42Image for a simple microstructure discrimination test.

Each half of the image presented in figure 4.4 has equal numbers of pixels selected with 2

possible grey levels, giving an exactly matched grey-level probability dist¡ibution functions.

4.2.2 Neuralnetworkimplementation

The architecture of the MLP used previously to classify multi-spectral images was modified

to take its inputs from a 3x3 window. For generality of function an MLP with 3 active layers

was retained. The 3x3 window fixes No= 9M inputs (M spectral bands) and the number of
outputs is also fixed with one output for each class giving N, = 5 for all problems presented

here. N, arìd N, a¡e selected to be trainable, rather than optimal. Nr = 25,50,75, 100 and 125

were tested initially with N, = 25 showing marginally better results, and considerably faster

speed in simulation. Variation of the number of nodes in the second active layer was also

tested. Nz= 4,6 and 8 were tested, with Nr= 4 found to cause classes to be eliminated N2= 8

was found to give similar results to N, - 6, but used more time to train. Learning rate and

momentum were selected as before. The structure adopted for testing performance on various

data sets was 9M-25-6-5 and is referred to as the windowed-input. MLP (WMLP). Figure 4.5

shows the WMLP where M = 4.

Layer 1

Layer 2 LaYer 3

0,1
3,1

36
lnputs

5 Outputs

xz, 
s

Figure 4.5: 2nd-order-input MLP classifier for a 4-band image.

During training, examples were taken at random from a particular class's training set, with

the particular class also selected at random. This st¡atified sampling regime was followed to

0,2

0,

5ry' N^
-¿
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remove any bias caused by different sized training sets. This should also partially compensate

for the use of overlapping neighbourhoods since it makes the probability of successive weight

updates coming from correlated neighbourhoods = (size of neighbourhood)/(size of training

set). Any rotational inva¡iance must be acquired by the network seeing rotated examples of
different microstn¡ctu¡es during the training phase.

4.2.3 Experiments

Data from Landsat MSS ("MSS"), Landsat TM ("TM") and SPOT-XS sensors were

available for this test. Each image was classified by a human operator to give reference areas

typical of 5 classes. Reference areas were divided (arbit¡arily) into test area and fraining areas.

Each classifier was t¡ained on the training areas only and tested on the test ÍueÍrs. This

procedure is used because an MLP classifler can score highly when classifying its own training

set if it simply learns each point in the input data set. To score well in a cross validated test, it
must develop a suitable internal model of the training data to successfully classify unseen test

data. For all data, classifications made using ML and the spectral-only MLP are presented for

comparison.

In the light of the conclusions of Chapter 3, each MLP structure was t¡ained with each set of
data from 10 different weight initializations. Tables at the end of this chapter contain the

accuracy measu¡ed for individual trials, while the results for the best t¡ials a¡e summarized and

presented within the body of the text in table 4.1.

The same MSS test and training sets used in previous chapters were used here to test the

MLPs with spatial inputs. The f,ve classes loosely represented "water", "cloud", "urban",

"trees" and "farm". Since a¡eas immediately adjacent to the training and test sets were not

labelled, the classifying schemes using second order neighbou¡hoods \ryere not able to classify a

border of one pixel's width around each of the training and test areas. For faimess of
comparison, ML and spectral-only MLP classifrcations were re-assessed using only the data

within the borders. Their adjusted accuracies appear in table 4.1.

A TM image of approximately the same area as the primary MSS scene was obtained and

reference areas were selected to be in approximately the same place as the MSS reference areas.

There is no cloud in the TM scene, so to give a five class comparison, areas in a quarry were

selected as the substitute class. These areas on the ground are mostly of exposed sand, giving

high reflectance in all bands. The resulting classifications also correctly identified the beach

sand on the sea shore.

Because the resolution of the TM image is 30m compared with 80m of the MSS, more

training and test examples were generated from the test areas, and the one-pixel-width borders

correspond to less area on the ground.

A SPOT-XS image of the same area was not available, and similar area to the north of the

MSS scene was used. The SPOT-XS resolution of 20m gives a lot of data for an a¡ea the size

of the MSS image used above. For convenience it wÍil¡ necessary to use a SPOT image of
approúmately one quarter of the geographical coverage of the MSS and TM images. Ground
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truth provided by a field party for another purpose identified 52 areas coming from 5

information classes corresponding to "roofs", "pavement", "ovals" (heavily watered

recreational greens), "trees", and "grassland". This set of information classes was chosen t¡o be

realistic but challenging for the classifiers. Some classes proved inseparable and gave large

classiflcation errors. Partly because of the resolution available and pafly because of the method

of collecting ground truth, which was speciflcally intended for ML classiflcation, individual

areas tended to have little spatial structure. Inclusion of multiple areas with different spectral

characteristics in a single class produced multi-modal classes in some cases. Areas from a

particular class were arbitrarily separated into test area and training areas for using in accuracy

assessment as in other experiments.

The accuracy of the WMLP classifrcation exceeded the accuracy of the spectral-only MLP

for all data sets (a summary in table 4.1, and detailed results in tables 4.2-4.4). In the case of
MSS and TM data the improvement was substantial. For the SPOT-XS data, there was a

substantial increase in classification accuracy from ML to MLP, probably due to a multi-modal

class, but marginal increase in accuracy from the use of MLP to WMLP. As observed above,

the individual reference sets lacked spatial structure with the consequence that neighbou¡hood

pixel values contributed little spatial information.

Examples of overall image classification are provided in figures 4.94.L1. The use of a

moving window produces an inevitable smoothing indicated by the (desirable) removal of
isolated misclassified pixels, and the (undesirable) bluning of transitions between classes.

Smoothing problems are also common with neighbourhood-based texture pre-processors, and

are addressed in part, by Chapter 5 on context. In the MSS image, the area of cloud shadow

(figure 4.9), which is unlike any of the training examples, is not classifred well. This could

indicate that the classifrcation is mean-value based but it is more likely that useful spatial detail

has been lost due to quantization effect on low values from the sensors.

4.3 MLP with a structured neighbourhood.

4.3.1 Structuring an MLP to facilitate texture learning

Using a moving window corresponding to a second order neighbourhood imposes the

concept of spatial adjacency on the classifying network, but only in a mildly structured way. A
more structured neighbourhood system can be defined using micro-structures klown as

"cliques". Cliques are combinations of pixels, all of which are neighbours (figure 4.6). They

have been used successfully in image restoration (see [Derin89] for refs.).

1st Order 2nd Order

Figure 4.6: First and second order cliques.'

tr ftntr!
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Cliques are used to impose a structure on the spatial information at the input of the MLP.

The connections to each node in the first active layer are rest¡icted to use only data from pixels

in a specific clique. This approach follows that of Hinton [Hinton87], who configured his

neural network for classifying one dimensional patterns so that the concept of spatial adjacency

was built into the structure. It is emphasised again that the structuring of the input data is on the

basis of spatial structuring and not spectral segregation. Each pixel to be classifled and each of
the pixels comprising its neighbourhood is treated as a multi-spectral entity.

The neural network described below is st¡uctured to use the 25 cliques of second order that

include the pixel of interest (figure 4.7). Higher order cliques may be useful but the number of
cliques explodes with order. Some inconclusive tests were conducted with MLPs using 64

cliques of third order and 124 cliques of forth order but these took an inordinate ariount of time

to simulate and were considered impractical. With suitable ha¡dwa¡e this would not be the

case.
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Figure 4.7'. The 25 cliques of second order.

With clique structuring it is possible for a particula¡ node (corresponding to the appropriately

shaped clique) to become a "house-with-swimming-pool-and-lawn" detector. As with
WMLP, rotational invariance must be learnt from suitable examples in the t¡aining set. Of

course, it is possible for the WMLP to develop the same intemal "clique" function for layer 1

nodes and this pre-structuring is meant to act as a hint to the network. A biological analogy is

clearly that certain neurons in the brain are already configured for particular purposes before

neural pathways form, so that certain areas of the brain have the same function from individual

to individual even though the developed neurons in those areas may have different pathways

expressedl.

4.3.2 Neuralnetworkimplementation

Implementation of this scheme is by setting some weights from layer 0 to layer 1 nodes to

zero and not updating them during training. An example of the architecture of an MLP to
classify 4-band images into 5 classes is given in figure 4.8.

I Of 
"ourr", 

no claim is made here that an MLP with clique structured input has any biological analogue.
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Figure 4.8: MLP classifier for a 4-band image with inputs augmented by specific cliques.

To have at least one node in the first active layer assigned to each clique it is necessary to

have at least2í nodes in that layer. Initially an MLP of structure 36-125-6-5 with 5 nodes for

each clique was tested with MSS data. With nodes using Heaviside activation functions, this

structure would allow each clique enough nodes to form surfaces to enclose a region in 4-D

input space. N' values of 25, 50, 75 and 100 were also tested. Very little difference was found

between values and 25 was chosen to allow faster simulation. Alternative values of N, were

also tested with values 4 and 8 giving the same kind of results as for the WMLP.

To try to make comparisons both between data sets and between classification methods fair,

all the experiments presented here use the same basic 9M-25-6-5 st¡ucture as WMLP but with

the interconnections between inputs and first active layer nodes rest¡icted to cliques. This

architecture is referred to as clique-structured-input MLP (CMLP).

4.3.3 Experimental results

The results of classifying the MSS data sets using this method were encouraging (table 4.1).

Average classification error fell marginally from0.3Vo without cliques to 0.27o with cliques and

the maximum effor made in classifying any individual class fell from 1..5Vo to 0.57o. Viewing

the whole image classification (figure 4.9),il can be observed that both MLP classifiers that use

neighbourhoods smooth out isolated pixels in the output image, but that the CMLP is still able

to preserve some edges.

Overall, the accuracy measured on test, sets represents represent a considerable increase in

accuracy over the ML classification (with 6Vo averase error) without the need to provide any

exEa Eaining examples. However, given that these results are the best of ten trials and the error

is already quite low, it would be unwise to select a CMLP over a WMLP on the basis of
accuracy alone.

Using CMLP, classification accuracy of TM data did not improve over the V/MLP. Error

increased from2.07o Lo 3.8Vo, but was still significantly better than the spectral-only ML and

MLP. It should also be noted that while the best result over ten trials showed the WMLP gave

better accu¡acy, the results on average were better for the CMLP (see table 4.3).

Classification of SPOT data by the CMLP showed no improvement over the WMLP in

average classification error or maximum classification error for any one class.

=
ryt

NJ
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While the gains in accuracy using the CMLP are at best marginal, the speed up in training

time and classification time for a simulated CMLP compared to a WMLP are marked because

of a reduction in the number of adjustable weights on each node in the first active layer from 9

to an average of 2.7. During training this improves the speed of the forward classification pass,

the backwa¡d error propagation pass and the weight adjustment pass.

In a hardwa¡e VLSI implementation of an ANN, the restriction of interconnections from

inputs to first layer nodes translates into a reduction in the need for interconnecting tracks on the

VLSI die, which is a goal st¡ived for in much ANN VLSI research (for example see

[Redding9l]).

Table 4.1: Summary of classification accuracy for spatial-MlP experiments

Classifier Data Max error in any class Average error

ML
MLP

WMLP (3x3 moving window)

CMLP (clique structured inputs)

MSS

MSS

MSS

MSS

1.5.57o

L0.5Vo

l.5Vo

0.SVo

6.l%o

4.2Vo

0.3Vo

0.27o

ML
MLP

WMLP (3x3 moving window)

CMLP (clique st¡uctu¡ed inputs)

TM

TM

TM

TM

12.4Vo

ll.l7o
4.17o

9.37o

7.lVo

4.67o

2.07o

3.87o

ML
MLP

WMLP (3x3 moving window)

CMLP (clique st¡uctu¡ed inputs)

SPOT

SPOT

SPOT

SPOT

49.37o

33.3Vo

37.9Vo

31.9Vo

2l.7Vo

14.67o

13.5Vo

13.SVo
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FÍgure 4.9: Classificatigl o-f qn MS-S image using (a) spectral-only ML, (b) specrral-only MLp,
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(a): ML

(c): WMLP

(b): MLP

(d):CMLP

Figure 4.10: classification of a TM image using (a) spectral-only Ne, O) spectral-only
MLP, (c) MLP u/ith 3x3 nei ;hbourhood, (d) MLp with clique structured
neighbourhood. Blue:"water",white:"sand/quarry", red:,'urbaû",
green:rrtfees^crub", yellow:"gfassland".
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4.3.4 Discussion

From the summary of experimental results it ca¡r be seen that the relative merits of the 3

different MLP structures depend on the data, but it. is generally true to say that the extra

neighbourhood data improves classification accuracy. For MSS data, the gains in using a

WMLP over an MLP are obvious and there is a further increase in accuracy using clique

structured inputs. For the TM data, inclusion of spatial data in the input to the MLP clearly

improves classification accuracy, but the WMLP has better accuracy than the CMLP. For the

SPOT data tested, spatial data makes a small improvement with the performance of the WMLP

being equal to that of the CMLP.

The use of data from a moving window containing A pixels takes A times as many

operations to simulate the first layer of an MLP. With the fust active layer generally having the

most nodes, the increase in time to simulate is signiflcant. In ANN hardware there is no time

penalty for inclusion of extra inputs but there is a penalty in the complexity of interconnection

required between inputs and the first active layer's nodes. By using the CMLP structure there

is a gain in speed of simulation which translates to a significant decrease in complexity in a
hardware implementation of the MLP. Hence where CMLP and WMLP have equivalent

accuracy, the CMLP structure should be favoured. In other cases a small reduction in accuracy

from using WMLP to CMLP could be justified by the reduction in complexity of the required

circuit. or in a simulator, a considerable increase in speêd.

The internal operation of the MLPs using neighbourhood data was examined using the

"activation map" tool discussed in Chapter 3. The activation for the first active layer of CMLP

reveals that nodes with simila¡ shape cliques have simila¡ activation maps. For example, the

activation maps for the four 2x2 neighbourhood subsets have similar maps. This suggests that

multiple instances of the same clique shape in different positions relative to the centre pixel may

be redundant, but further exploration of this was left for future work. The existence of
distinctly different activation maps for different shaped cliques is evidence that the network is

able to collect different information for different shaped cliques.

Does the moving window measure texture-like information? The simple preliminary

experiment demonstrated that the WMLP has the potential to use microstructure when no

spectral information is present. Repetition of the experiment using the CMLP gave results

similar to the WMLP. However, these experiments describe situations where spectral

information has been reduced to binary information; for simplicity of image generation, pixels

were black or white. The MLP is sensitive to class conditional probability density functions

and may be able to use extra spectral information provided by the adjacent pixels as an extra,

highly redundant supplement to spectral information. To test the spectral-texture discrimination

power of the CMLP and WMLP a synthetic image was constructed in which one half contained

real (textured) data a¡rd the other contained constant pixels set to the value of the mean vector of
the real data. For the real data, a 40x40 MSS subimage of "urban" area was selected. The

results of this experiment were negative. Neither the MLP nor the V/MLP showed ability to

discriminate between the two halves of the image. We conclude from this experiment that

either the'TWMLP achieves its practical increase in accuracy using the spectral information from
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surrounding pixels, possibly by flltering or deconvolution, or that this particular data set is

unable to show how spatial information is being used. The possibility of the WMLP doing

deconvolution is consistent with the sensors having an overlapping field of view. Filtering

would be beneficial for data that comes from a tme multivariate Gaussian, since it could reduce

spectral va¡iance.

4.4 Some comparative experiments using preprocessing

For comparison to the neighbourhood-classifying MLPs, some experiments were carried

out tro test the worth of using various texture feature extractors as preprocessors. The inæntion

was that derived values would be used to augment the spectral radiance vector for each pixel

and hence incorporate textue. In Chapter 2 this was done using PROC as a preprocessor and

the augmented vector was classified using ML. In these experiments classifrcation of
augmented MSS data was performed by using the simple MLP. Classification of the derived

features used as components of a pattem vector characterizing a pixel, without the inclusion of
radiance information, was also tested. Various preprocessors were tested including PROC.

4.4.1 Multi-channel narrow band filters

It is possible to characterize texture by examining the image at. different spatial scales.

V/itkin hypothesized that the human visual cortex extracts image features by correlating

information across a range of scales [Witkin84]. This approach can potentially free texture

description from the problems of scale mentioned earlier, but in practice it is necessary to select

The range of scales for consideration.

Band-pass filters can be chosen to effectively extract the features of an image at va¡ious

scales. In the experimentation here, band pass filters were set up to filter a single band of the

image to be classified, producing new images that contained only features at the scale of
interest. To filter the single band image, it was transformed into a Fourier domain frequency-

magnitude image. For nine frequencies, 0...8 cycles per image, the frequency domain image

was multiplied by a circularly symmetric Butterworth filter of first order to select a particular

frequency component and then the image was inverse-transformed. The 9 filtered components

were combined into a 9 band image.

Experiments were carried out to classify MSS data augmented with 9 bandpass fllæred

components based on band 6. Classification of the augmented vector and a vector consisting of

only the filtered components was carried out using ML and MLP techniques. In all cases the

measured accuracies of MLP classification were significantly higher tha¡r ML classifications.

ÙVo eúú was reported using texture alone for some trials, confirming that the test and training

areas do have sufficient texture to be useful. However, on examination of the resultant images

this result was found to be misleading (flgure 4.12a). The bandpass filtering leads to an image

in which the components a¡e based on large neighbourhoods producing smoothing of values.

By choosing the test areas that have homogeneous land covers, results are advantaged by

smoothing. Further, by choosing the test and training areas adjacent to each other, it is only

necessary for a classifier to learn to classify correctly in the vicinity of the training set. The
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complete classified image generated from band-pass features has class boundaries that are

unacceptably blurred with very low effective resolution and extensive miscla.ssification outside

the test and training sets.

The use of bandpass flltering to generate spatial features in the way described above is, of
coutse a non-local process. A just comparison with the 3x3 neighbourhood is not possible

because the bandpass features for each pixel use the whole image as neighbourhood. An

implementation that uses a small support set is required and this requirement is not met by

DFT-based processl. The dilemma of making position-accurate estimates of local spatial

frequency is also of interest in time/frequency measurements in communications and radar

systems. Wavelets show considerable promise for spectral estimation in that area

[Hlawatsch92], andhave an analogous application in the identification of local spatial frequency

in images.

4.4.2 Co-occurrence matrix based features

Haralick's co-occurrence matrix features [HaralickT3] provide a computationally tortuous

but conceptually simple approach to measuring texture features where textures are relatively

random in nature. These features (given in table 1.1) are computationally intensive because at

every pixel location in the image they require the generation of a co-occurence matrix and then

calculation of derived features. There are some obvious short cuts for calculation when using

small windows, but even with short cuts, a set of texture features derived from a 3x3 window

using one displacement value is very slow to calculate (needing an overnight run on a Sun

Sparc2, for a512x640 image). IJnser's less computationally demanding approximations to the

features [Unser86] were also tested. They gave a considerable speed-up but compromised

accuracy for speed and produced consistently worse results that Haralick's features.

Experiments were conducted using the nine Haralick features of table 1.1 generated from

band 6 of Landsat MSS (band 3 in the ne'wer labelling terminology). The displacement value

used for texture feature generation was (1,1) which gives the longestradial length from the

centre pixel within a 3x3 window. Texture features for a displacement of (1,0) were also

produced, but predictably yielded poorer results when classifled. Multi-band images created by

combining tlte nine t'eatures into one image for tle first test, and for the second test by

combining three t'eatures, angular second moment, entropy and homogeneity with four MSS

bands. The MLP slructure used was N0-2-5-6--5 with No-determined by the input dat.a set.

Accuracies presented tbr the MLPs represent the best results over l0 trials starting with

ditï'erent weight iniúalizations.

With the combined texture-MSS image classification accuracy on the test set was measured

as96Vo for the MLP, but the ML classifrer classified all pixels into a single class, caused by the

need to invert a covariance matrix with neff zero eigen-values. Using the texture-only image

lAlso, the implementation is inconvenient because it needs either square data of size 24, for arbitrary d, or else the
Fourier transform must be implemented by a method other than the conventional DFT.
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accuracy measured on the test set was 98Vo using the MLP indicating some contradictory

information was derived from the MSS data.

Two examples of complete image classification using Haralick's texture features are

provided in figure 4.12. OveruIl, the classifications are not significantly different to the spatial

MLP classiflcations, and it is doubtful that the considerable extra processing to generate the

texture features is justifled.

The implementation described here calculated features from a single band of the MSS

image. With the overhead of ext¡a calculation, it would be straightforwa¡d to calculale featu¡es

for all bands, although spectral interdependence would not be captured.

4.4.3 Spectral covariance based features

The PROC algorithm is described in Chapter 2 as a method of capturing the spectral

interrelationships in a neighbourhood. In this section the class distances a¡e used as features to

augment the input vector of radiances, in a similar way to the hybrid classifier system described

in Chapter 2. PROC is basically a non-linear preprocessor and produces a features with

distributions that are hard to model. The five features that were generated using a 7X7 window

on the primary MSS image in Chapter 2 were used again here. When applying the Ml-hybrid
classifier it was found necessary to scale the distance values to make them useful. In this

application, the MLP is used as an adaptive classifier a¡rd it was expected that adaptation would

include learning the appropriate scaling.

Both the ML and MLP classifiers were tested using the unscaled distance features alone and

in combination with the MSS data. An MLP of structure 5-25-6-5 achieved 2Vo errcr^ for the

distance features alone, compared to 30% error for MLl. This is a convincing example of an

MLP being able to learn some feature-dependent information (the scaling factor) without

manual intervention. For the distance-MSS combined image, an MLP achieved 37o efior and

the ML method gave 6Vo. The reduction in performance of the MLP with more information

implies some of the ext¡a information was contradictory.

An example of overall image classification is provided in flgure 4.12d. Problems of
performance assessment were also encountered using this pre-processor. The example shown

the figure is from the classification of augmented MSS data. This has a higher effective

resolution and more consistent classifications than the classification based on texture

information alone, but. compares poorly when assessing the classification of the test data set.

lE*Ii", results in chapter 2 were better than his by virtue of the use of scaled PROC features.
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(a) Bandpæs filter pre-proc€ssor

(c) 3 Haralick features + MSS

(b) 9 Haralick features from a single band

(c) 5 PROC features + MSS

I

I
i

Figure 4.12: Examples of MLP classification of MSS images using augmented input vectors.
Blue:"watet", white:"cloud',, ted="ufbaû,', gìeen:,'tieesi yellow:,frassland,'.
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4.4.4 Discussion of the use of preprocessors

The use of preprocessors to give texture information means that the process of classification

is no longer model free. The derivation of the texture features is, in most cases, based on a

model of the nature of texture. For Haralick's texture features and for the bandpass features,

the underlying model is Julesz's early model of the perception of textures by humans. For

PROC processing the model is as discussed in Chapter 2.

Preprocessors are clearly advantageous for increasing the accuracy of MLP (and ML) based

classification systems. However, in general, preprocessing is computationally expensive.

Additionally, most preprocessors need to have large neighbourhoods to be effective. Large

neighbourhoods give a reduction in effective resolution in the output image.

The apparent accuracy of some of these methods when measured using training seltest set

methodology was overturned by a qualitative examination of the classification of a whole

image. Further examination suggests that what is required to assess accuracy is a set of
reference pixels, randomly distributed throughout the image, with larown classifications. The

division of the reference set into test and training sets should result in two sets with equal spatial

diversity. Of course, to train and test classifiers using neighbourhoods, it is not sufficient to

collect data from random isolated individual pixels. To be useful, eveÍy reference pixel must be

accompanied by a set of measurements that cover each pixel in its neighbourhood. Such a

reference set would be difûcult to collect but is not imprac[ical.

The need for a minimum number of training samples per class, based on statistical

considerations, has been well recognized from almost the beginning of work on supervised

multi-spectral image classification. It has also been recognized that training sets which have

samples from multiple areas for a single class are desirable, but the reason usually given is to

ensure adequate diversity in the sample being used to estimate class parameters. Diversity of
training data functions to broaden the variance of a class's distribution function and hence admit

pixels with radiance vectors at greater distance from the centroid in spectral space (see

lDudaT3l).

When using a classifier such as the MLP which approximates the required mapping from

input to output using nonlinear functions, the concept of what constitutes "neamess" in input

(spectral) space becomes complicated by the fact. that different parts of input. space can be

treated in different ways. When data is preprocessed, because the class conditional data model

is often unlanown or difficult to measure, the concept of pixel similarity is further obscu¡ed. It
is possible that a classifier may learn the training data exactly as a mapping from particular

points in spectral space to particular classes, but with no generalizing power. In this context it. is

important to use an independent test set to measure accuracy, whereas in a model based

classifler it is reasonable, although optimistic, to assess accuracy by examining how well the

training data is characterized by the a priori model with the estimated parameters. This was the

reasoning behind the design of experiments with separate test and training sets. Using a single

reference set divided into two partitions to give the training and test sets was done for

convenience.
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When using spatial data, we implicitly expect that the structure of space is such that

Euclidean geometry governs concepts such as "nearness". When using preprocessors or input

structurings that cause inclusion of spatial data, it is possible for an adaptive classifier such as

the MLP to learn to give a mapping from a spatial location to a class that is not necessarily

generalizable to nea¡by pixels. We want the MLP to learn a class conditional texture function

that is valid throughout the image, not simply at certain points. When devising the MLP

structures with neighbou¡hood inputs, the use of a (3x3) moving window was adopted because

it virtually guaranteed against learning "position" in the image. But with a preprocessor such as

a bandpass filter that uses the whole image as neighbourhood, this is not the case.

The conclusion from this is that the methodology for measuring accuracy is valid for the

classification systems using small moving windows but the methodology is flawed when

assessing classifiers using preprocessors with large or whole-image neighbourhoods. Hence it
is valid to compare the results of the 3x3-window Haralick-feature-preprocessor with the

neighbourhood-input MLPs, but it is not valid to make comparisons with the bandpass

preprocessor or preprocessing using PROC.

4.6 Summary and conclusions

This chapter has described multi-layer perceptrons that utilize spatial information to improve

the accuracy of mul ti- spectral classifi cation.

Two multi-layer perceptrons with modified a¡chitectures were presented in which spatially

related information from a neighbourhood was used to classify a particular pixel. The MLPs

were fed neighbourhood data for the pixel to be classifled, and were expected to develop their

own intemal representation of "texture" from the examples. The inclusion of spatial data

improved accurÍrcy at the expense of complexity and hence, for the simulated networks, speed.

An interesting result was that restricting the interconnections between inputs and nodes of the

first active layer to impose "clique" structure on the spatial information does not significantly

affect accuracy while producing a considerable saving in complexity of interconnection, a major

consideration in implementation of real neu¡al networks. It is conjectured that the reduction in

information to individual nodes is counteracted by building in to the network a concept of
spatial arljacency.

MLPs were also tested as classifrers in combination with various pre-processors.

Preprocessors improve classification accuracy, but are computationally expensive and reduce

ouþut image resolution when used with large windows. Accuracies achieved in classifying test

sets appeared good but assessment of the overall image classification showed that the

preprocessors produced little overall improvement over the MLPs with spatial inputs. What

was highlighted was a failu¡e in the method of assessing accuracy when used on classification

systems which are essentially model free and have the capacity to learn position in an image.

This problem inhibited fair comparison of the two approaches to including spatial

information in a spectral classification: i.e using the MLP to learn spatial relationships without
guidance vs capturing spatial relationships by preprocessing the image into features which a¡e
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classified by the MLP. A hand-waving assessment indicates that the spatial MLPs have less

overhead than preprocessors, which is demonstrably the case where classification is a more

frequent task than training, but appears data dependent in the case that releaming is frequently

necessary.

This chapter has focussed on including spatial information in spectral classifications by extra

processing at the input to a classiûer. Each process effectively imposes a model of the input

image on the data. In the next chaptcr we explore the possibility of imposing a model of the

expecûed ouþut image.
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Table 4.22 Comparison of ML, MLP, WMLP, CMLP for MSS data

Classifrer Trial Classl

ac.(Vo\

Class2

ac.(7o'l

Class3

ac.(7o\

Class4

ac.(7o)

Class5

ac.(Vo\

Max class

er¡or (Vo\

Average

enor (7o\

ML 100.0 96.5 9s.0 93.5 84.5 15.5 6.1

MLP

MLP

MLP

MLP

MLP

MLP

MLP

MLP

MLP

MLP

I
2

3

4

5

6

7

8

9

10

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

90.5

90.5

96.0

89.5

97.5

97.0

91.0

96.5

90.0

89.5

97.0

97.0

93.5

96.0

93.0

93.s

97.0

93.5

97.0

97.0

70.0

71.0

89.s

70.5

88.0

88.0

68.0

88.5

70.0

73.5

30.0

29.0

10.5

29.5

12.0

12.0

32.0

11.5

30.0

26.5

8.5

8.3

4.2

8.8

4.3

4.3

8.8

4.3

8.6

8.0

WMLP

WMLP

WMLP

WMLP

WMLP

WMLP

WMLP

WMLP
IWMLP

WMLP

I
2

Ĵ

4

5

6

7

8

9

10

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100,0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

98.s

98.s

98.s

92.5

98.5

98.5

98.5

98.5

98.5

98.5

99.5

99.5

99.5

100.0

99.5

100.0

99.5

99.5

99.5

100.0

1.5

1.5

1.5

7.5

1.5

1.5

1.5

1.5

1.5

1.5

0.4

0.4

0.4

1.5

0.4

0.3

0.4

0.4

0.4

0.3

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

1

2

3

4

5

6

7

8

9

10

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

99.s

100.0

100.0

100.0

100.0

99.0

100.0

100.0

99.0

99.5

100.0

98.5

99.0

99.5

99.0

99.0

78.5

77.0

99.s

97.5

94.5

99.5

98.s

99.5

98.s

1.0

2r.5

23.0

1.0

2.5

5.5

1.5

1.5

0.5

1.5

0.4

4.3

4.6

0.3

0.6

1.2

0.4

0.5

0.2

0.5
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Table 4.3: Comparison of ML, MLP, WMLP, CMLP for TM data

Classifier Trial Classl

ac^ (Vo)

Class2

ac.(V")

Class3

ac.(Vo)

Class4

ac.(7o\

Class5

ac.(Vo)

Max class

enor (Vo\

Average

enor (7o)

ML 100.0 91.8 94.9 90.3 87.6 12.4 7.1

MLP

MLP

MLP

MLP

MLP

MLP

MLP

MLP

MLP

MLP

I
2
4J

4

5

6

7

8

9

10

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

95.9

95.6

92.5

91.8

93.5

94.2

93.2

95.9

92.5

94.9

98.9

99.3

99.5

99.6

99.9

99.3

99.2

99.8

99.2

99.1

93.2

95.4

84.0

86.7

83.2

86.0

93.6

91.5

80.6

93.9

88.9

86.2

78.4

83.9

81.9

84.5

87.9

81.4

80.7

88.1

11.1

13.8

21.6

16.1

18.1

15.5

t2.l
18.6

19.4

11.9

4.6

4.7

9.1

7.6

8.3

7.2

5.2

6.3

9.4

4.8

WMLP

WMLP

V/MLP

V/MLP

V/MLP

V/MLP

WMLP

WMLP

WMLP

WMLP

I
2

J

4

5

6

7

8

9

10

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

94.9

94.9

95.9

93.8

92.5

95.2

92.8

90.8

95.9

95.6

99.6

100.0

99.r

99.9

100.0

100.0

100.0

100.0

100.0

100.0

99.6

94.0

98.7

98.2

97.6

90.6

89.4

94.5

89.5

95.1

95.2

75.7

96.4

92.2

16.2

56.8

5s.8

70.9

77.9

80.8

5.1

24.3

4.r

7.8

23.8

43.2

44.2

29.1

22.1

19.2

2.2

7.7

2.0

3.2

6.8

11.5

12.4

8.8

7.4

5.7

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

1

2

3

4

5

6

7

8

9

10

r00.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

85.6

88.0

89.0

90.8

92.5

91.8

87.7

91.8

90. l
88.7

99.3

99.5

99.6

99.5

99.7

99.8

99.6

99.8

99.4

99.4

96.8

96.2

93.8

99.4

94.5

95.3

92.4

93.6

95.1

94.4

96.2

95.6

94.1

91.4

86.8

87.7

89.7

82.8

96.9

96.6

14.4

12.0

11.0

9.3

13.2

12.4

12.3

17.2

9.9

11.3

4.4

4.r

4.7

3.8

5.3

5.1

6.1

6.4

3.7

4.2
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Table 4.4: Comparison of ML, MLP, WMLP, CMLP for SPOT-XS data

Classifier Trial Classl

ac. (Vo)

Class2

ac. (Vo)

Class3

ac. (Vo)

Class4

ac. (7o)

Class5

ac. (7o\

Max class

enor (Vo\

Average

enor (Vo\

ML 65.2 50.7 98.1 94.4 83.4 49.3 2t.7

MLP

MLP

MLP

MLP

MLP

MLP

MLP

MLP

MLP

MLP 10

I
2

J

4

5

6

7

8

9

65.2

63.6

65.2

66.7

63.6

63.6

65.2

63.6

66.7

65.2

77.7

76.9

76.9

77.3

76.9

76.9

76.9

76.9

76.9

78.6

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

96.2

97.2

9s.3

95.8

97.2

97.2

95.8

96.7

95.8

9s.8

87.1

86.3

87.9

87.7

86.1

86.6

89.6

86.3

87.3

87.4

34.9

36.4

34.9

33.3

36.4

36.4

34.9

36.4

33.3

34.9

14.8

15.2

15.0

t4.5

15.2

15.1

14.5

15.3

14.7

t4.6

WMLP

WMLP

WMLP

V/MLP

V/MLP

WMLP

WMLP

WMLP

WMLP

WMLP

1

2

3

4

5

6

7

8

9

10

59.1

62.1

60.6

62.1

60.6

62.1

59.1

60.6

60.6

60.6

16.0

74.7

74.7

76.0

74.7

76.0

76.0

76.0

74.7

76.0

100.0

100.0

100.0

100,0

100.0

100.0

100.0

100.0

100.0

100.0

94.8

94.4

94.4

92.5

92.0

94.4

94.8

94.4

92.5

94.8

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

40.9

37.9

39.4

37.9

39.4

37.9

40.9

39.4

39.4

39.4

14.0

13.8

t4.t
13.9

r4.5

13.5

r4.0

13.8

14.5

13.7

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

CMLP

1

2

3

4

5

6

7

I
9

10

59.1

59.1

60.6

60.6

63.6

60.6

60.6

57.6

60.6

62.1

7 5.6

76.9

75.1

73.4

75.1

74.7

74.7

74.7

74.2

76.4

98.1

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

100.0

94.8

9s.8

91.1

93.4

93.4

90.6

92.0

90.1

92.0

94.8

98.3

98.s

99.7

98.5

99.0

99.5

99.9

99.9

99.7

99.0

40.9

40.9

39.4

39.4

36.4

39.4

39.4

42.4

39.4

37.9

14.8

14.0

14.7

r4.8

13.8

14.9

14.6

15.5

14.7

13.5
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Chapter 5

MLPs using Spatial Context

Summary: This chnpter presents an MLP thnt uses spatial context to improve classification of
multi-spectral images. Previous chapters have shown that an MLP can achieve classification

accuracy comparable to the classical equal-priors maximum likelihood (ML) scheme on single

pixel inputs. Besag's "iterated conditional modes" technique can be used to iteratively refine

the conventional ML classification; class priors for ML classification can be constructed by

using the previous estimate of classified output image to define a distribution on the class

variation in a neighbourhood of a given pixel. This chapter describes how a similar approach

can be implemented on an MLP. The training strategy, which has an important bearing on the

results, is also discussed.

5.1. Overview

This chapter presents an a¡tificial neural net classifier that improves spectral classification by

the inclusion of information available from spatial contØû. We define spatial context to be the

spatial relationship of a pixel's class to the classes of other pixels near it. A human image

interpreter can detect potential mis-classifications by reference to context; for example, an

isolated "tree" label surrounded by "water" labels will need stronger evidence to avoid being

rejected than an isolated "tree" surrounded by "grassland". Use of context to improve

classification accuracy is inherently an activity that t¿kes place either after classification or else

as par-t of an iterative classiflcation scheme, since to assess how a pixel's label relates to that of
its neighbours requires at least a rough estimate of the neighbours' classes.

Spatial context has been used to improve conventional methods of classification in the field

of remote sensing. Richards et al. presented a sophisticated post processing scheme based on

pixel relaxation [RichardsSl]. Swain, Vaderman and Tilton used compound decision t]reory to

develop a method for incorporating prior information about the probability of allowable

neighbourhood configurations into the classification process [Swain8l]. Their method required

an estimate of a "context function" which is a set of probability density functions for each

possible neighbourhood configuration. Approximations of the context function made from a

non-context classification provided promising results, but accurate estimation proved to be a

difficult problem.
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Besag [Besag86], and later Kiiveri and Campbell [Kiiveri9lì, pursued methods of iterative

classification refinement under the names of iterated conditional modes (ICM) and cyclic ascent

algorithm (CAA). In their approaches, both the input image, comprising (multivariate)

measr¡rements, and the output image, comprising labels, are characterized as Markov random

fields. This follows the approach of Geman and Geman [Geman84] with monochromatic

images. Besag discussed an intuitively appealing variant of ICM where properties of the ouþut

image are expressed by probabilities of certain classes adjoining each other in a particular

orientation. To implement this method it is necessary to specify primitives to measure

"oriented" adjacency. Primitives can only be devised by detailed inspection of the desired

output image.

This chapter proposes a scheme modelled after Besag's ICM that can be implemented using

an ANN. Previous chapters have shown that an MLP can achieve accuracy comparable to the

classical equal-priors ML scheme on single-pixel multi-spectral data. Using an MLP as the

classifier, a scheme is presented in which a classification is based not only on the multi-spectral

measurements for a pixel but also on the results of an ea¡lier estimate of classified output. The

a¡chitecture described here, while influenced by the recursive networks of Elman [Elman90], is

unique in the field of MLPs for image processing.

Experiments to test the context classifier are difficult to perform without specialized

(expensive) ground truth. The context classifier must. learn to accept, rather than filter, sharp

transitions from one class to another, but to learn this kind of behaviour, examples of
transitions from one class to another must be present in the training set. Ground truth data

collected for use with conventional classifiers is usually not suitable since examples are

generally collected from the middle of }nown single-class areas to avoid erroneous labelling.

Some limited experiments using synthetic images are provided here to show that the MLP

with context can be used to improve the accuracy of a non-context scheme. However, the

amount of improvement is influenced strongly by the rather limited model used to generate the

synthetic data- Further work will be required to validate the method on real data-

Iterative schemes for inclusion of context

5.2.1 A review of a scheme using conventional ML classification

This section briefly reviews ICM in the notation of Chapter 1.

ICM allows the incorporation of context information into conventional ML scheme by the

use of the class prior, which is, of course, disregarded in "equal priors" schemes. The prior

term is designed to incorporate information about the class labels of the pixels in the

neighbourhood ofthe pixel to be classified"

Recall from Chapter 1 that a "classified image" is an image consisting of class labels

Z=Izul(k,l)eL,z*tG O) where zH=o), + xtt comes from class a,. (L is the lattice

which defines location within the image and O = {a,,1 r= 1,...R} is the set of all possible

5.2.
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classes.) Within a Bayesian framework, a pixel (k,l) with measured value lu is assigned a label

za that satisfies (1.9):

max [p (xotlzoù p (zn,)]
Z¡¡e d2

Taking logs for convenience, this becomes

max flogP (er) + togP (x*tlz¡,)] ts.tl
Z¡¡e dl

If we model the classes as multiva¡iate normal distributions with means m, and cova¡iance

matrices C,, then under the assumption that the probabilities are dependent on class but not
position, we can write:

zkt = ma.x frogr (ar) - toglc,l - (x - m)'c;'(, - *)] G.2)
t4etl

where some class-independent constants have been neglected. Deleting the first term, which is

the prior probability of any pixel belonging to a particular class, we are left with the familia¡

equal priors ML discriminant function (1.11).

The derivation of (5.2) relies on two assumptions stated in Chapter 1: assumption A1 is that

the measurements from pixels are independent, and assumption A2 is that pixels' (true) labets

are independent. If we accept that the spatial context in a image contains useful information, it
is necessary to reject the assumption that the (true) pixel labels are independent. The most

general case is that each pixel label f¿¡ depends on all the other pixels' labels in the image,

written TVu , but this leads to an intractable classification problem.

If we instead postulate that T, the image of true (but unlsrown) class labels, is a second order

Markov random field, then it is possible to incorporate this prior information about the

classified image into the classification process by manipulation of the prior term in (5.2)

[Besag86]. A suitable selection of prior probability is

(s.3)

where nlt<,t) is the number of pixels of class @, in r10,, the neighbourhood of (k,l) excluding
(k,Ditself, n,,(k,l) is the number of adjacent pixel pairs of classes a,and @,int1r, a is a

normalization constant, and d and p are parameters. A further decomposition of the second

term is possible in which there is a unique parameter for each pixel pair at each possible

location in the neighbourhood. A useful practical implementation of (5.3) has a separate

parameter for each possible orientation of pixel pairs [Kiiveri9l]. Geman and Geman used a

different parameter for each clique set of pixels [Geman84].

Clearly, the ext¡action of a simple discriminant function is not possible, since to measure /r,

andn,,we need to lnow the tme classification in advance. ICM u."* 2, the current estimate of
T, to estimate the neighbourhood counts needed to construct the next estimate, Z. lJsing
estimates of the neighbourhood counts, and substituting for the prior term in (5.2), a suitable

rule for the labelling of pixel (k,l) is:

lþ",arc,o. å i p,,^,!o,r) - roglc,l - (x - m)'c;'(, - r)l

P(zot) =þ-{å a,n!r,,t)., 
å å Þ,,n,,(n,l\

ZH = max
(4eO

Chapter 5 134

(s.4)



Besag discusses schemes in which individual pixels or groups of pixels have their cunent
estimated labels updated immediately and warns that convergence is not guaranteed for
"s¡mchronous" update.

Implementation of ICM as a modification to a conventional ML classifier is not difficult but

the parameters int¡oduced in 5.3 are dala dependant. Besag provides an example in which he

sets ø = 0 and þ,,= þ = 1.5 V r,s. Kiiveri and Campbell use pseudoJikelihood estimation

with tuningl and Geman and Geman use heuristics based on energy considerations. More

general estimation of these parÍLmeters is difficult and outside the scope of this thesis.

5.2.2 An Ml.P-based system

In previous chapters, it has been established that an MLP can be used to perform the same

classification function as an ML classifier. Hence, to classify a multi-spectral image, an MLP
must effectively implement a set of R discriminant functions of the form (1.11), although it
uses a completely different parameterization of the problem.

The architecture presented here is designed to incorporate the extra information needed by

the prior term of (5.4) into an MLP classifier. This extra information is the labelling of the

neighbourhood of the pixel to be classified. It is information that we would expect a human

operator to use, albeit, unwittingly. The MLP is expected to learn from this extra information

appropriate contexts for each of the classes. Of course, there is no real parallel between this

form of artificial intelligence and human intelligence. A human is able to use much more prior
information than just information about the structure of images. A human's recognition of
objects can impose useful constraints on the image interpretation from other domains of
learning which carinot be replicated by the limited training of the MLP.

The proposed system (figure 5.1) of classification uses ari extended MLP that has additional

inputs to allow the labels of the neighbours of the pixel to be classified to be taken into account.

The classification process is iterative and stops when the ouÞut image is stable for one iteration.

There is no requirement to model the output image beyond the Markov random field
assumption that spatial dependency of the true class labels is limited to the 2nd order

neighbourhood.

I i.". ûr" value was modified by human intervention.
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Figure 5.1: An MLP for context incorporation.

In previous chapters, the term orderhas been used to describe the neighbourhood of the

pixel and, in particular, to define how many exfa pixels from the input image are to be taken

into account as cont¡ibutors to the vector of measurements to be classified by the MLP. In the

scheme proposed in this chapter estimated labels in a neighbourhood of the pixel being

classified provide additional contribution to the MLP's input vector. These labels must come

via a feedback path from a previous output image. It is feasible, and in experiments below,

usual, that the neighbourhood used to collect input radiance data can be different to the

neighbourhood used to collect labels. This makes it necessary to distinguish an input order and

an output order.

5.3. Design issues

5.2.1 Representingthelabelledneighbourhood

The information that we want to feed back comprises a neighbourhood of labels. The

experiments described in the next section use an output order of 2, which limits the number of
labels taken into account to N4 = 8 labels (The previously estimated label of the pixel to be

classified is not used). The position relative to the pixel to be classified is important and must

be preserved. This suggests an architecture with N4 extra inputs to the MLP, each getting a

class number.

But, it is misleading to represent the labels by simple numerical values; to do so would
imply that classes whose labels have small numeric differences are simila¡. The only un-biased
representation possible is Nn.R inputs (for R classes). A further reason for using this

anangement is that it allows us to examine weights given to the feedback connections in order

to assess their cont¡ibution to the classification power of the network.
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The use of a large number of inputs to capture context information is costly in terms of
speed of simulation, translating to complexity of implementation in hardware. Given enough

examples and large enough network, an MLP could theoretically learn to adapt to the bias

caused by simply feeding back class labels. As a compromise, it may be possible to find a

more elegant function of the labels to reduce the number of inputs required, without implying a
nonexistent relationship. In particular cases, biases induced by non-ideal functions of this kind

may be acceptåble to reduce the size of the MLP.

5.3.2 Trainingprocedure

The procedure used to train this system is governed strongly by the complexity (and hence

time for simulation) that is acceptable. An obvious way to train such a system is to perform a

classiflcation for each pixel, iterating until stability before deriving the error signal for adjusting

the weights. However, while this approach may be feasible using an MLP realized in
hardware, the amount of time required to simulate such a system means that it is not feasible to

study it in software. Further, there is no evidence that the intermediate states during training

would lead to a stable converging system at every ståge during training.

An alternative training strategy was developed in which the extra context inputs are derived

from the desired output image, rather than a previous iteration. Weight adjustments are made

after each presentation of a training pixel, according to the same schedule as the MLPs of
previous chaptrers. A single training example comprises the multivariate measurement for the

pixel to be classified, the desired label, and the desired labels of the neighbouring pixels. It is an

open question whether this kind of training leads to convergence during classification without a

good starting estimate of the output. Modifications may be necessary.

5.3.3 Selection of training areas

To t¡ain a classifier that uses spatial context, the training set must allow the classifier to learn

a variety of multi-class label arrangements such as edges, adjacencies, encirclements. Hence,

the type of training data required for extended MLP architecture is an image containing a
mixture of all the required classes, not in distinctly separate areas, but with each pixel correctly

labelled. Such training sets of any reasonable size are ra¡e.

5.4 Experiments

All tests presented here are on carefully stmctured synthetic data. The synthetic data were

based on a real 4-band Landsat MSS image that contained five identifiable classes. Five

synthetic classes were modelled as multivariate normal dist¡ibutions with the class parameters

(mean and cova¡iance) measured from training sets in the real image. To generate a synthetic

image, the real image's ML classified output image was used as a template. For each pixel at

location (d,7) a 4-component vector equivalent to an MSS radiance vector was const¡ucted by
generating a random vector from the multivariate normal dist¡ibution described by the class

parameters of the class label at location (r;t) in the template. In this way, the multivariate

normal model of the class density functions is guaranteed and the true classification of every

Chapter 5 t37



pixel is known. Further, the spatial relationships between class labels in the real data are

preserved in the synthetic data.

'While ideally class membership should be approximately equal, in practice such a test set is

difficult to find. For the test data used here, the class memberships were: (t¡¡2316; oz=75:
or4l42i a¿=2530' as=41.

Two alternative MLP structures were tested in separate experiments. Each experiment

comprised a (l) classification using spectral data alone, (2) a classification using context from
the true labels and (3) a classifrcation using the estimated classification from the non-context

MLP as the context information.

The MLP structures consisted of 4 inputs plus context inputs, 50 hidden units, and 5 output

units. Following earlier work, the learning rate was chosen to be 0.3, momentum was chosen

to be 0.0, and the stopping criterion was 50,000 presentations of pattems from each class. In
the fi¡st experiment, 40 context inputs were used, each being a boolean valued input for every

possible label at each (output) neighbourhood position. This st¡ucture provides the MLP with
unbiased information about the labelled neighbourhood. The second experiment was carried

out to gauge the effect of the bias caused by feeding back the actual (arbitrarily assigned) class

numbers. Eight conæxt inputs were used, each fed with a (scaled) class number corresponding

to the labelling of the estimated neighbourhood.

Classifications were carried out on an MLP simulator written in C and running under the

Khoros image processing environment [Rasure90]. Times taken for the training and

classification process ranged from 5 to 50 minutes using a Sun Sparc2. No ICM comparison

is included here because of the difficulty of making appropriate estimates for the parameters ø
and p,".

5.5 Results

Results from these limited experiments are encouraging. Summary results are provided in
table 5.1 and detailed classification accu¡acies are given in contingency tables 5.2-5.6 (at the end

of this chapter). Table 5.2 gives results of classifications with no context information. Tables

5.3 and 5.5 conøin the results of classifications given a context of the true labels.

Not surprisingly, the classification accuracy of a simple pixel-classifying MLP is surpassed

by the accuracy of an MLP with knowledge of the correct classifications of neighbouring

pixels. More usefully, tables 5.4 and 5.6 give the accuracies when the context information is

the estimated classification from MLPs corresponding to table 5.2.

The result of experimenting with the obvious but biased method of feeding back raw class

labels confirms that this method is unsuitable. The 12-input MLP was only able to improve

classification accuracy marginally with the same amount of training as the 44-input MLP.
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Table 5.1: Summary of results of context experiments.

Classifrer Context Extra inputs Ma¡r enor in any clæs Average error

MLP 4-50-5

MLP 44-50-5

MLP 44-50-5

none

true

estimate

none

40 unis

40 unis

L4.0%

4.4%

5.8%

6.6%

2.87o

3.ÙVo

MLP 12-50-5

MLP 12-50-5

tme

estimate

8 unis

8 unis
Lt.3To

LL.ïVo

4.8Vo

5.47o

The images used in these tests are given in figure 5.2. Figure 5.2-a shows the template used

fot synthetic image generation, flgure 5.2-b shows the classification using spectral data alone
(i.e. no context) and figure 5.2-c shows the result of including a non-context estimate of the
labelled image as the context for another stage of MLP classification. Errors in the no-context
image are due to the MLP incorrectly classifying pixels with values taken from the tails of the

class-conditional density function. The context classifler cleans up these errors, but not by a
simple smoothing action that would blur the classification, even where the membership of a
class is well defined.

The conclusions that can be drawn from the tests reported here are limited because the dat¿

used was artificial and relatively easy to classify without context. Further, a potential problem
with an MlP-based context classifier is that it cannot escape from local minima during the
iterative process. Wright addressed this problem by using simulated enns¿li¡g [Wrightgg], but
at a grossly increased cost in terms of computational requirement. Local minima $'ere not
found to be a problem in the extension of conventional classifiers to handle context reviewed

above [Kiiveri9l]. It vrill only be possible to ståte confrdently that an MLP in this role will not
have serious problems after considerable further e4perimentation.

5.6 Summary and conclusions

Given that an MLP is able to preform multi-spectral image classification, it is useful to

investigate any methods for increasing accuracy that may have been applied to conventional

Figure 5.2: Class label images: (a) Template; (b) Classified with no-context; (c) Clæsified

with context.
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methods of classification. This chapter has considered accuracy increase by inclusion of spatial

context information.

Two MLP architectures that can use spatial context have been presented. In some simple

experiments the use of context was shown to improve classification accuracy on synthetic
images. Fufher testing with real data is desirable but will require extensively ground-truthed

images.

Table 5.2: Contingency table for classification without context. MLP st¡¡cture: 4-

50-5.

Table 5.3: Contingency table for classification with context comprising t¡ue labels.

MLP:44-50-5.

True

Class

Assigned Class

1 2 3 4 5

1 100.00 0.00 0.00 0.00 0.00

2 0.00 98.46 0.00 0.00 1.54

3 0.00 0.08 85.86 0.10 13.96

4 0.00 0.00 0.00 87.55 12.4s

5 0.00 0.00 0.00 5.0s 94.95

Average classification 93.367o

True

Class

Assigned Class

1 2 3 4 5

1 100.00 0.00 0.00 0.00 0.00

2 0.00 100.00 0.00 0.00 0.00

3 0.00 0.43 96.37 0.0s 03.14

4 0.00 0.00 0.00 95.60 04.40

5 0.00 0.00 r.94 03.88 94.r7

Average classification accuracy 97 .237o
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Table 5.4: Contingency table for classification with context comprising estimated

labels. MLP:44-50-5.

Table 5.5: Contingency table for classification with context comprising tme labels.

MLP: 12-50-5.

Table 5.6: Contingency table for classification with context comprising estimated

labels. MLP: 12-50-5.

True

Class

Assiened Class

1 2 3 4 5

I 99.90 0.00 0.00 0.10 0.00

2 0.00 100.00 0.00 0.00 0.00

3 0.00 0.08 98.36 0.05 I .5 I
4 0.00 0.00 0.04 96.21 3.74

5 0.00 0.00 5.83 03.69 90.49

Average classification accuracy 9 6.99Vo

True

Class

Assigned Class

1 2 J 4 5

I 100.00 0.00 0.00 0.00 0.00

2 0.00 98.67 0.00 t.33 0.00

3 0.00 0.05 96.98 0.24 2.73

4 0.00 0.00 0.00 88.70 11.30

5 0.00 0.00 2.59 5.73 9r.68

Average classiflcation accuracy 95.217o

True

Class

Assigned Class

1 2 3 4 5

1 100.00 0.00 0.00 0.00 0.00

2 0.00 98.67 0.00 1.33 0.00

J 0.00 0.07 94.18 0.3r 5.43

4 0.00 0.00 0.00 89.01 10.99

5 0.00 0.00 1.66 7.21 91.13

Average classification 94.607o
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Chapter 6

Conclusions and Summary

6.1 Summary of Results

The goal of the work reported in this thesis was to develop a methodology to classify multi-

spectral images using spatial information, but without separating the image into monochromatic

subimages. The reason to avoid splitting the image into separate single band images is to allow

measurement of the spatial Íurangement, at the micro-structure level, of (multi-spectrally)

coloured entities. This micro-structure of coloured entities has been called multi-spectral

texture.

In developing a methodology for this kind of multi-spectral image classiflcation, the goals

were to use all the spectral bands and if possible to use the information contained in the inter-

spectral band structu¡e that is disregarded when image bands a¡e considered separately.

6.1.1 PROC for image spectral,structure exploitation

One way to exploit the class-conditional inter-band information in multispectral images is to

make use of the spectral covariance matrix of pattem (radiance) vectors in a neighbourhood. Of
course, the ML classifier uses the cova¡iance matrix to scale the distance to a class's centroid in
pattern space. Using the cova¡iance matrix itself as a cha¡acteristic of a class is rare. The

cova¡iance mat¡ix is generated from a demeaned pattern vector, and hence if the majority of
power to distinguish between classes comes from lnowledge of the mean of the pattern vector,

discrimination between classes based on cova¡iance alone would be poor. Chapter 2 shows that

by using the neighbourhood spectral covariance matrix as a pixel's attribute, the similarity
measuring algorithm, "pattem recognition by observation correlations" can be used to produce

a classification of an MSS image that is at least comparable to a classification obtained using the

benchmark ML scheme. However, PROC has problems at edges and where patches of a class

are smaller than the moving window size. In these circumstances pixel covariance mat¡ices are

unlike any reference class covaria¡rce matrix and the assigned class is the result of comparing

large uncertain values of a "distance".

Chapær 6 742



To try to use the information provided by PROC in a more stable form, a hybrid pattern

vector which could be classified using ML was generated. For each pixel a vector was

constructed from the multispectral radiance data for that pixel plus transformed PROC

"distances" (D,) from the pixel's neighbourhood covariance to each class cova¡iance.

Classification using the hybrid pattem vector was shown to be superior to classificæion using a

pattern vector of either D,'s alone or multi-spectral data alone. In Chapter 2, considerable

effort was expended to devise a transformation, and also some ad hoc class biases, to make the

D, into features suitable for ML classiflcation. The t¡ansformation process was needed to make

the density ñ:nction of t¡ansformed D, approximate a normal distribution. The possibility of
avoiding this t¡ansformation lead to an interest in distribution-free classifiers, and in particular

artificial neu¡al networks. In Chapter 4 unbiased D,were used in a successful MlP-based

classifier. The utility of PROC is somewhat reduced by the amount of computation required to

extract covariance similarity measures from image and its practical application could only be

justified when other methods lailed.

The PROC algorithm was originally of interest because it showed promise for the transfer of
spectral signatures from one image. PROC was at least able to make areasonable classification

of a second image compared to a poor classification by the ML classifier, but the resulting

accuracies are not sufficient for a routine use. Classiûcation of areas of the ground affected by

cloud shadow wÍrs not shown to be viable due to the loss of data resolution for low values

caused by the sensor system's A/D conversion quantization step size; i.e. dynamic range

considerations.

6.1.2 An MLP for multi-spectral image classification

Chapter 3 established the usefulness of MLPs for the classification of multi-spectral data

without inclusion of spatial data, as a preparation for the following chapters. V/ith suitable

training, a neural network based on a three layer perceptron is theoretically capable of
classifying patterns from sets with arbitrarily distributed density functions in N-dimensional

space. Thus, potentially, an MLP can classify with greater accuracy than a model based

classifier when the underlying structure of the model is not a good approximation to the

structure of the data. This is undoubtedly the case in many applications where it is standard

practice to use equal-priors maximum likelihood estimation based on multi-variate normal

dist¡ibution.

It was established by experiment that by using back-propagation of error, it is possible to

t¡ain an appropriaüely structured MLP to leam class cha¡aæristics in MSS data. A large number

of MLP structures were tested for "t¡ainability". Lack of training convergence due to local

minima in the energy function, a common problem of steepest descent approximation methods

(which include BP), did not appear to be a problem in this particular data domain. It was also

observed that with a carefully selected stnrcture it is possible for an MLP to exceed the accuracy

of ML by a considerable margin on MSS data. More usefully, with a conservatively oversized

MLP it is possible to routinely exceed the classification accuracy of ML, given a good selection
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of weights during the training phase. The structures chosen for subsequent tests represented

conseryative rather than optimal approaches to MLP structure.

For a particular structure, the quality of training, as measured by the performance of the

t¡ained MLP on an unseen test set, was found to be highly dependent on the randomly selected

initial weights. Hence, to be reasonably confident that an MLP will classify accurately, weights

need to be selected after repeated trials in which weights are initialized to different values. The

issue of how many trials are required to select a good set of weights needs fu¡ther research, but

ten trials were observed to be acceptable for this kind of data A training strategy in which a

number of different sets of weights is developed and tested is not extravagant when the amount

of data to be classified is large and a single classification is fast, which would be the case with
appropriate ha¡dware.

A problem, cha¡acteristic of learning systems with emergent properties, is the inscrutability

of the trained MLP. Some insight into the internal representation in MLPs can be provided by
visualization techniques. If we model the classifying action of an MLP after Lippmann's

explanation (figure 3.6), then it is desirable to see each node in the first active layer partitioning

input pattem hyperspace into half spaces (that are combined by nodes in later layers). This is

easy to portray with a two dimensional input pattern space but with 4, 7 or more dimensions it
is quite difficult . For 4-band MSS data a system was devised in which pattern space (ie. input

data) was projected into a two dimensional space whose axes corresponded to the principal

components of all the training datal. The input-space-partitioning hyperplanes defined by the

MLP's first layer weights were also projected into the new space. Hyperplanes were observed

to cross the principal component axis of the training data almost at right angles which is a

desirable orientation for good class discrimination.

Activation maps were introduced to probe the operation of the MLPs for an appropriate set

multi-spectral data. These maps show a relationship between active nodes' responses and the

required input-to-output fransfer function. The maps from the output layer gave an indication

of the certainty of classification. Examination of the hidden layers' activation maps suggested

that an MLP acts as a non-linear adaptive filter. It is also possible to detect potential

redundancies in the networks from the activation maps of hidden layers. However, extracting

evidence for particular intemal representation within a trained network remains a difficult task.

6.1.3 An extended MLP to include texture

Ideally, an afificial neural network should be able to discover the concept of texture without

aid if it is trained with all data from a neighbourhood. In Chapter 4, an MLP using information

from a 3x3 neighbourhood, was shown to give an improvement in classification accuracy over

the simple MLP approach, but at the cost of much gteater network complexity, and hence for

simulated networks, speed. A more efficient scheme was proposed that used spatially
structured but otherwise un-preprocessed data as input to the neural network. This scheme

I This transformation can provide an illuminating view of the clustering of multivia¡ate data, although the benefits of
such a transformation are highly data dependent.
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restricted the interconnection between neighbourhood inputs and the fi¡st active layer to try to
provide a hint to the network about what constituted spatial adjacency. The MLPs that used a

pixel's data plus data from particula¡ shapes from within the pixel's neighbourhood ("cliques")

achieved a significantly reduction in the complexity of the network with a marginal change in
classification accuracy; for some data there was a marginal improvement in accuracy although

this appeared to be specific to the MSS reference sets.

MLPs were also tested as classifiers in combination with various pre-processors which were

used to generate texture featu¡es for each pixel. Preprocessors improve classification accuracy,

but a¡e computationally expensive, reduce output image resolution when used with large

windows, and require aa a priori model of texture. A problem of classifying preprocessed data

is that the act of preprocessing can change the data distribution to be non-normal distribution.

Hence an MLP classifier has potentially higher accuracy that the model based ML classifier.

Notably, the MLP proved to be a significantly better classifier of the PROC-augmented hybrid

vector from Chapter 2.

For the three preprocessors tested, accu¡acies achieved in classi$ing test sets were excellent

but assessment of the overall image classification was disappointing; clearly the positioning of
the test sets neff the training sets was critical. It was noted that model-free classification

systems which have spatial information as par-t of their input have, at least in pa¡t, the capacity

to learn position. This lowered the value of the test sets used in the experiments and inhibited

fair comparison of the preprocessor based MLPs and the spatial input MLPs. A qualitative

assessment indicated that the spatial MLPs have less overhead than preprocessors when

classification is a more frequent task than training, but the choice of method is not clear when

releaming is frequently necessary.

6.1.4 An extended MLP to include context

Given that an MLP is able to preform multi-spectral image classification, it is useful to
investigate any methods for increasing accuracy that may have been applied to conventional

methods of classification. Chapter 5 presented an MLP that used spatial context to improve

classification of multi-spectral images. An a¡chitecture was proposed in which classification

accuracy was iteratively refined by using the previous estimate of classiûed output image to

define a distribution on the class variation in a neighbourhood of a given pixel. A training

strategy, which has an important bearing on the results, was proposed and tested on limited
synthetic dat¿. Further testing with real data is desirable but will require extensively ground-

truthed images.

6.2 Contributions

Chapter 2 developed a method of covariance comparison due to Bogner [BognerSla] into an

algorithm that could be applied to the classification of pixel neighbourhoods. The chapter

provided some new results about the distribution of the proposed metric and an original
implementation of the technique for use in images.
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Chapter 3 provided a thorough investigation of use of multi-layer perceptrons for the

classification of spectral data in a directly analogous manner to ML. The experimental work
lead to the widely suspected but elsewhere unvoiced conclusion that it is necessÍ¡ry to repeat the

training of a network from different starting points in order to be even reasonably sure of a
sensible final trained network. Some original insights were provided into the internal
representation of a successfully trained network using eigen t¡ansformations of data and

hyperplanes and by the introduction of activation maps.

Chapter 4 explored methods of integrating spatial information into a neural network

classifier. An efficient network presented involves the unique structuring of input connections

using clique concepts from Markov random field theory. In some ways this network is a
"frozerr" version of Geman and Geman's image restoration procedure [Geman84], but used in

a different problem domain.

Chapter 5 proposed an original neural network based classifier which was designed to learn

context. Some simple empirical results were given.

6.3 Future work.

The work described in this thesis was planned to be an exploration of preprocessors and

classifiers to distil the essence of multi-spectral texture. In retrospect, the tools used, especiatly

the MLP, were not as well defined or understood as a superficial understanding made them

appear. The PROC covariance similarity me¿¡sure was an interesting basis of neighbourhood

spectral covariance, but. there are other measures which could also justify investigation. The

MLP was chosen after examination of its claimed properties, but details of implementation in

the literature were sp¿use. Because of this, it is intended that the material in Chapær 3 should

serve as a guide for anyone wishing to build a successful multi-spectral image classifying
MLP. (The computer programs used for simulations and preprocessing can be made available

by the author).

It is a truism that full confidence in the reliable application of MLPs awaits fufher theoretical

results. Current theoretical results on MLPs for such quantities as nodes per layer, number of
layers and learning rate are only available as bounds, which are generally not useful in practical

situations. More analysis along the lines pursued by lævin et al. U-evn90l is eagerly awaited.

However, despite this lack of theoretical proof, the MLP certainly can function as a classifier

and can have an accuracy better than conventional methods. In situations where a large amount

of data is to be classified, and where appropriate hardwa¡e is available, it may not be

unreasonable to t¡ain an ML and a number of MLP classifiers, comp¿re accuracy on a
validating test set, and choose the best classifier. Given an MLP in ha¡dware, speed of
classiñcation will always be an advantage with a large number of bands.

Further work is also justified on the use of alternative classifiers with derived texture-feature

vectors. The work exploring the use of MLP classifiers with preprocessed data was

encouraging, but used only three potential texture feature generators. Other feature generators

may be useful and the use of other non-parametric classifiers may also be advantageous.
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Assessment of performance of any classifier using spatial context essentially needs a set of
standard images, each with defined training and test sets. Ideally standard images would range

from 4-band images to 256-band images. Some standard (multi-spectral) colour texture

images would also be useful to test colour texture algorithms. It appears that there is no widely

accepted standard for colou¡, with Brodatz's texture [Brodatzt66] being the de facto standard for
testing monochromatic images.

The process of attempting to use all multispect¡al bands is essentially a process of fusing

data from the various bands. Since this process is quite general an MLP similar to those used

in this work will be suitable for fusing that data to provide enhanced information in situations

where data is sampled on a regular 2D grid. Fusing of information for target Eacking is subject

of much research, but data for target tracking is not usually sampled on a regular grid. While
no experimental evidence is provided here, an MLP should be able to learn spatial relationships

on any grid, given all the normal requìrements of enough training data, enough attempts to learn

from random starting points and an appropriate structure.

6.4 Summary

This thesis has explored some aspects of multi-spectral texture.

Matching of covariance matrices proved to be a promising new way of classifying multi-

dimensional image data, but required some ad hoc choices and modifications to produce an

algorithm. Best results were obtained when used in a hybrid system in conjunction with a

MLP classifier.

When classifying a multi-spectral image with multi-va¡iate normal dist¡ibuted classes, an

MLP can closely approximate the performance of the optimal maximum likelihood scheme.

With more pathologically distributed class probability density functions, an MLP's
classification accuracy can exceed that of the ML scheme.

Given the good performance of an MLP, it is reasonable to extend its application to include

spatial as well as spectral information in ways analogous to the extensions to standard ML.
However, with the unique learning potential of a MLP, in particular its ability to develop new

internal representations of the problem space, it has been possible to explore more flexible

extensions to a simple spectral classifier. Some of these implement¿tions have been shown to

be useñrl.

In all cases there is a t¡ade-off between resources required for each classifier and the

achievable increase in classification accuracy. The resou¡ces are the amount of time required to

frain a classifier and the complexity of the (simulated) computer architecture. An underlying

assumption of this work has been that ANN hardwa¡e will be developed for general use and

that it will be widely available because it will not need to be specialized for a particula¡ t¿sk. As

new ha¡dware becomes available, different aspects of the trade-offs will become relevant and it
will be appropriate to apply the techniques examined in this thesis in diverse applications.
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Attachment A
Weights evolving during training.

The attached floppy disk contains a sequence of images that represent the weights in an MLP
of structure 4-25-6-5 during the learning phase. Weights were sampled every 800 weight

adjustments, and there are a total of 68 frames representing a total of 53,600 weight
adjustrnents (the first frame is after no adjustments).

Ha¡dwa¡e requirements: Apple Macintosh Computer, able to display 256 colou¡s.

Software requirements: Operating system 6.0.5 or later.

Disk contains "Weights-Demo" and a càpy of the NIH program lmagel.43.

Viewing the demonstration: Insert the disk and double click on the document "Weights-

Demo". You may wish to re-size the resulting display. Click in the display to stop the

animation. Select "Options" menu and check "Scale to fit window". Then click and drag on

the bottom right hand corner of the window until it fills the screen. The aspect ratio of the

window will be maintained so it may not. fill the whole screen.

The display uses colou¡s to represent the weight values. Green corresponds to zero, blue-

purple corresponds to -7.0 and red corresponds to +7.0. The continuum of colours is visible in

the LUT window to the left.

The first seven rows of the image represent weights from the fixed bias plus 6 nodes of
layer 2 arranged in columns to corespond to the 5 nodes of layer 3. The next 26 rows

rQpresent weights from the fixed bias plus 25 nodes in the first active layer arranged in 6

columns corresponding to the nodes in layer 2. The bottom 5 rows represent weights from the

4 multi-spectral inputs plus fixed bias arranged in 25 columns corresponding to the nodes of
layer 1. The unused a¡ea of the images is set to zero and appears green.

To begin animation, select. "Stacks" menu and choose option "Animate". A white square

should move from top right to bottom right to indicate p¡ogress through the sequence of
images.

It can be observed that weights near the output of the MLP "learn" quickly compared to

weights near the input of the MLP. It is also evident that few nodes are ever t¡ained to have

opposite polarity to their starting values. It appears that nodes that produce information that is

not useful, or wrong, are simply ignored. Those that provide useful or credible information
provide strong inputs to the next layer. The parallels with human organizations are inescapable.

To finish, select "File" menu and choose option "Quit".
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