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Abstract

Meteorological satellite images at visible and infra-red wavelengths are an invaluable
source of information on cloud systems because of their extensive coverage of the whole of
the Earth’s surface, providing data in areas that are only sparsely monitored, if at all, by
other means. Although this information has been used subjectively by forecasters for many
years, the lack of automatic, quantitative analysis techniques largely prevents its assimilation
into numerical weather prediction (NWP) models, which are the basis of all modern weather
forecasting. This thesis investigates the use of neural network techniques for the analysis of
the images in order to make fuller use of the available data.

The recognition of a particular type of cloud is dependent on the determination of a
set of features from the satellite image spectral bands that will give discriminating infor-
mation. This feature extraction and selection process is dealt with in detail, and a feature
selection process based on the radial basis function (RBF) neural network is presented. The
high-dimensional feature space is visualized on a two-dimensional plane by the use of three
techniques: the Kohonen map, the Sammon map, and a recently-developed technique known
as the Generative Topographic Mapping (GTM). Classification results using a multi-layer
perceptron (MLP) and an RBF neural network are presented.

The results of independently classifying each pixel in an image are compared with a
method that makes use of contextual information, the Markov Random Field (MRF) model.
The limitations of the pixel-based approach are highlighted, and a region-based approach
is presented that enables the definition of large-scale regions of uniform cloud type. Two
segmentation methods are used, the active contour (or snake) model, and the more recently-
developed level set technique. The latter method was found to provide many benefits over the
former. The region-based approach will facilitate the assimilation of cloud system information
into NWP models in the future.
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Chapter 1

Introduction

The first operational meteorological satellite was launched on 1 April 1960 [44], providing
images of the Earth via a simple television camera. Since then, more advanced radiometers
have been developed, providing higher resolution and more frequent images [84], resulting
in a deluge of information being transmitted back to Earth every day. The satellite sensors
provide radiance data in a number of spectral channels, but this alone is not what most
users require. In order to make the best use of this wealth of radiance data, processing is
required to create derivative products [96]. The automated extraction of information on cloud
types and cloud systems from satellite imagery is seen as an important task [73, 82]. The
study of cloud patterns is crucial for the analysis of weather systems in the short-term [4],
and clouds are understood to be influential in determining the climate of the planet in the
long-term {16, 91, 99].

The work presented in this thesis concerns the broad application of neural network tech-
niques [8] to the extraction of cloud-type information from satellite imagery. The major aim
is the accurate identification of different types of cloud within the image, and the subsequent
large-scale segmentation of the image into distinct regions of cloud type. Each stage in the
process, from the raw image through extraction and analysis of information from that im-
age to the segmentation of large-scale regions within it, is covered in detail within a neural

network framework.
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This chapter provides an introduction to the issues related to the work presented here,
beginning in Section 1.1 with a brief survey of some of the current uses of satellite images.
A guide to the basic cloud types and their identification is presented in Section 1.2. A more
detailed overview of the aims of this thesis, and how they fit in with the overall goals of the
UK Meteorological Office today, is set out in Section 1.3. The image databases and software
used for this study are described in Sections 1.4 and 1.5, followed by an outline of the thesis

in Section 1.6.

1.1 The uses of satellite data

Until the first pictures of the Earth from space were produced, our ideas of the form and shape
of large-scale cloud features had remained mostly speculative [44]. The first working weather
satellite, TIROS-11, provided imagery using a simple television camera, and was designed
specifically to obtain cloud pictures. Since then, satellites have carried a wider range of
sensors [84] designed to provide not only imagery, but also quantitative measurements of
various atmospheric and surface parameters. This information has been used extensively for
a variety of research and operational applications.

Satellite data are an invaluable source of information because of their extensive coverage of
the whole of the Earth’s surface, providing data in areas that are only sparsely monitored, if at
all, by weather ships, buoys, aircraft and observing stations [39]. Visible and infra-red images
of the clouds covering the Earth are important for a number of reasons. Fundamentally, clouds
at different levels are tracers of atmospheric energy and moisture flows. The study of satellite
imagery, and in particular a time-series thereof, provides insight into the dynamical and
physical processes that occur in the atmosphere and is therefore useful for climate modelling.
The images have enhanced our understanding of synoptic-scale? cloud features and systems.

Some current satellite sensors are designed to measure remotely the properties of the

1Television and Infra-Red Observation Satellite.
2In meteorological terms, synoptic refers to space and time scales of the order of 500-2000 km and 100
hours respectively.
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upper atmosphere that are difficult to measure by conventional means; for example profiles
of ozone, carbon dioxide and other chemical concentrations [66, 96]. Wind velocities at various
heights can be measured using the Doppler shift; alternatively, over the ocean, the scattering
of microwaves off capillary wavelets on the ocean surface allows surface wind velocities to be
calculated. A method using radiance data is also currently in use whereby cloud structures
are identified from a time-sequence of images, and correlation calculations between images
are then used to derive the wind velocity [66]. The calculation of sea surface temperatures
(SSTs) and the monitoring of land-cover and biomass are other examples of the use of satellite
data.

Satellite images are also vital sources of information for operational analysts and forecast-
ers, for several reasons [4]. Firstly, they are used as an analysis tool, especially in data-sparse
areas, for example to locate fronts, or to spot smaller convective systems which may not
be evident from other data even in relatively well-monitored areas. Secondly, images are
a direct aid to short-period forecasting of, for instance, cloud and precipitation or related
phenomena such as flash floods and lightning. A time-series of images is especially useful for
this purpose. Thirdly, the information gleaned from the images provides input into numerical
weather prediction (NWP) models, helping to define the initial conditions and moisture fields
of the model, especially in data-sparse regions [39]. Lastly, the images provide a means of
monitoring the NWP model performance in the early stages of a forecast.

Clouds play a vital role in determining the so-called Earth radiation budget (ERB) [16].
For climate stability, it is required that incoming solar energy is balanced by outgoing re-
flected and emitted energy. Clouds exert a significant influence on the energy streams by
two competing processes: the albedo effect and the greenhouse enhancement, which reduce
and increase respectively the net incoming energy flux. It is a major goal of NASA’s Earth
Radiation Budget Experiment (ERBE) [106] to determine the components that make up the
overall planetary albedo, which includes the important effect of clouds. Of particular interest

is the effect of cirrus clouds. This thin cloud is often difficult to detect, especially over rela-
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tively bright land and snow, where radiation from the underlying surface renders the cirrus
almost invisible [4, 66]. Determining the amount of cirrus is considered important due to its
influence on the planetary albedo. The detection of cirrus is also important for the accurate
determination of SSTs, for corrections have to be made to the calculated SST due to the
thermal contamination caused by a thin layer of cirrus [16].

Inextricably linked to ERB considerations is the need for a globally-consistent cloud cli-
matology which accurately estimates cloud amount (total, and by cloud type). This is part of
the goal of the International Satellite Cloud Climatology Project (ISCCP) [92, 93, 99], set up
in 1983, which will enable a better understanding of the cloud-climate sensitivity relationship.

Harris and Barrett [45] give eight uses of a cloud-type map (nephanalysis) of a satellite
image scene, including climatological research, aviation forecasting, and radiation budget
considerations. An accurate nephanalysis would also be useful in the analysis stage of opera-
tional forecasting mentioned above, and could be a useful step in the eventual identification

of synoptic cloud features such as fronts and cyclones [82].

1.2 Cloud-type identification

The work in this thesis is primarily concerned with the automated recognition of cloud types
within satellite imagery (see Section 1.3). This section will introduce the cloud types that
will be encountered in this thesis, and will present a simple guide for their identification using
visible and infra-red satellite imagery, highlighting some of the issues involved in cloud-type
identification, and introducing some of the meteorological terms used throughout the thesis.

Details of the satellites and sensors can be found in Section 1.4 and Appendix A.

1.2.1 The visible channel

Although also affected by the relative positions of the sun and satellite, the brightness ob-
served in the visible channel is strongly dependent on the albedo of the underlying surface.

The albedo is defined as the reflectance of a body or surface integrated across all solar wave-
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Table 1.1: Typical albedo values for various cloud and land types. Values are only an
indication since they can vary markedly, especially for clouds. Source: Bader et al [4].

Earth’s surface (%) Clouds (%)
Oceans, lakes 8 Shallow, broken clouds:
cumulus 30
Land surfaces: cirrus, cirrostratus, cirrocumulus 35
dark soils 14 stratus 40
vegetation 18
sand, desert 27 Thick clouds:
cirrostratus 74
Ice and snow: stratus 65
sea ice 35 altostratus, stratocumulus 68
old snow 59 cumulus 75
fresh snow 89 nimbostratus 85
cumulonimbus 90

lengths, and is expressed as a fraction or percentage of the incident radiation [16]. The
albedo of a cloud can be a useful distinguishing factor, and is determined by the thickness,

composition and particle size distribution [4, 66]:

1. Thick cloud has a higher albedo than thin cloud.
2. Water cloud has a higher albedo than ice cloud.

3. Cloud composed of small droplets has a higher albedo than cloud composed of large
droplets.

In addition, penetration of light from the ground can influence the apparent albedo of thin
cloud. These factors compete against each other to determine the albedo of a cloud. For
instance the top of a cumulonimbus cloud is composed of ice, but the cloud has a great
vertical extent; the latter is the dominant factor in this case, and the cloud therefore has a
high albedo. Although stratus is comparatively thin, it can have a high albedo due to its
composition of very small water droplets. Table 1.1 presents a summary of typical albedo
values for various cloud and land types.

The texture of cloud patterns in the visible image provides important discriminatory
information, and is caused both by variation in the albedo of the cloud and by shadows

and shading. The standard cloud naming system used by meteorologists tends to label
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clouds according to their physical appearance. Cumuliform cloud (such as cumulus and
cirrocumulus) has a characteristic lumpy or cellular appearance, while stratiform clouds (such
as stratus and cirrostratus) appear smoother and more uniform. Clouds exhibiting a fibrous
or streaky appearance are likely to be cirriform. An example of a visible image is shown in
Figure 1.1(a). The mottled texture characteristic of cumuliform cloud can be seen around A,

with the smoother cirriform cloud around C and D.

1.2.2 The infra-red channel

Unlike the visible channel, the infra-red channel primarily measures emitted rather than
scattered radiation. The infra-red instrument counts are converted to brightness temperature
using the simplifying assumption that they act as black-bodies [66]. Cloud tends to be colder
than land, so if the brightness temperature were scaled directly to the image grey-levels,
the clouds would appear dark. To make the images more intuitively consistent with the
visible image, the scaling is conventionally reversed so that the relatively cold clouds appear
white. As was the case for the visible channel, there is often contamination from radiation
penetrating from the ground below, and in addition there is absorption from the atmosphere
which varies with wavelength.

Since temperaturé generally decreases with height, the infra-red channel is essentially a
measure of the height of the tbp of the cloud, and is important for distinguishing certain
cloud types. In the standard naming system for clouds, a name starting with cirro implies
high-level cloud, alto implies medium-level cloud, while no prefix implies low-level cloud. In
the infra-red channel image shown in Figure 1.1(b), low-level cloud such as cumulus and
stratocumulus, at A and B respectively, can be easily distinguished from high-level cloud
such as cirrus (east of D), cirrostratus (north. of C) and cirrocumulus (south-east of C).
However, for thin or broken cloud, height assignment is often not straightforward because of

the contamination problem mentioned above.
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1.2.3 The use of both channels

Identification of cloud type is best made using a combination of the spectral and textural
information from more than one channel, often making use of context and a knowledge of
the large-scale structure of the cloud systems within the image. A summary of the clouds

present in the image pair of Figure 1.1 is as follows:

Cumulus: A.

e Stratocumulus: B.

Cirrocumulus: south-east of C.

Cirrostratus: north of C.

Cirrus: east of D.

Altostratus: west of D.

Cumulonimbus: south-west and north-east of E.

Nimbostratus: north and west of F.

As mentioned before, these cloud names attempt to label the cloud according to its physical
appearance. An alternative is to attach a label to describe the nature of the airmass associ-
ated with the cloud, which can be broadly divided into two types: convective and dynamic.
Convective cloud is formed when air is heated by the warm ground, causing pockets of air
to rise. The moisture condenses out as the rising air cools and saturates, giving rise to a
pattern of small convective cells. Convective cloud can be further classified as shallow or
deep. Cumulus clouds produced by the early stages of convective activity, when the tops
are still at a low level, is termed shallow convection. If the air continues to rise, clouds of
large vertical extent (such as cumulonimbus) are formed which may give rise to heavy pre-
cipitation. This is termed deep convection. Dynamic cloud is associated with larger-scale
organized movements of airmasses, resulting in lifting and condensation (such as that which

occurs at a front). Vertical motion is usually weaker than for convection, and the resulting
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cloud masses are stratiform in nature (though with convective elements often embedded if
the dynamic lifting releases instability).

The Meteosat image pair in Figure 1.2 shows a large swathe of shallow convective cloud
covering the western portion of the image from A around to B. A brighter band from D
around to C and beyond is apparent in the infra-red image, indicative of deep convective
activity. Deep convection is also present just to the north-east of E. It should be noted that
cumulonimbus often appears brighter than this in the visible channel. This is due to the low
solar elevation (the image is from 6 January 1994 over western Europe at 1200 GMT), so
that the cloud is brightest where the sun reflects off the southern edges of the cloud. The
large swathe of dynamic cloud to the east is associated with a front running from F to G,
and then eastward and back around to H. There are three low pressure centres in the image,
one just to the north-east of E, one south of E, and another at H.

Further examples of various cloud types are shown in Figures 1.3 to 1.5. Figure 1.3(a)
shows a wedge of uniform cloud, identifiable as cirrostratus since it is very bright in the infra-
red image (high), and has a very smooth appearance in the visible image. By contrast, cirrus
exhibits a more fibrous nature, a good example being Figure 1.3(b). The more mottled high
cloud in Figure 1.3(a) on the eastern side of the cirrostratus wedge is cirrocumulus. Some
cumulus is also apparent to the south-east of Figure 1.3(a) and underneath the cirrus to the
south-west of Figure 1.3(b).

When convective activity occurs, and the air pockets meet a stable inversion layer at a
low level, the convective cells may be prevented from rising further and as a result spread
horizontally so that they merge, forming a layer of stratocumulus. An example is shown in
Figure 1.4(a). The texture is more uniform than for cumulus, although the convective cells
are still apparent due to the variation in albedo caused by the varying thickness of cloud. The
low brightness temperature apparent from the infra-red image shows the low-level nature of
stratocumulus. If the air is allowed to continue to rise, deep convective cumulonimbus may be

formed. Figure 1.4(b) shows an area of cirrostratus dispersed with pockets of cumulonimbus
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indicated by brighter regions in the infra-red image. Figure 1.5(a) shows convective cells
which are developing into cumulonimbus, still being at a medium level as demonstrated by
the infra-red image. The uniform area to the north-east is altostratus, a medium-level cloud
with a fairly smooth texture.

Compare the visible images of Figures 1.3(a) and 1.5(b). They show a similar brightness
and smoothness of texture. However, the infra-red channels indicate a marked difference, the
former being high-level cirrostratus, and the latter being low-level stratus. This is a good

illustration of the usefulness of the infra-red channel for separating certain cloud types.

1.3 Schemes for automated satellite image interpretation

In December 1993, the Satellite Image Applications Group of the UK Meteorological Office
initiated a project whose aim was to develop a scheme for the detection and identification
of clouds and cloud systems from meteorological satellite imagery, using pattern recognition
techniques [71, 73]. The way in which such a scheme might be developed was left quite opeh,
but some overall objectives were set out. An initial survey into pattern recognition techniques
for cloud analysis was conducted by Dr Pankiewicz, of the UK Meteorological Office [71, 73].
A number of areas for future work as part of the project were suggested, and are summarized

here (in no particular order):

e Production of a large training set for cloud-type recognition and synoptic feature iden-

tification.

e Determination of the best features® calculated from the images for optimum classifica-

tion.
e Investigation into the use of the Kohonen neural network.
e Development of a neural network to classify clouds.

e Research into other products from satellite imagery, such as precipitation estimation.

3The term “feature” in this context refers to the textural and spectral characteristics calculated from the
image pixels for use as input to a classifier. See Chapter 3 for details.
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e Development of a methodology for a pattern recognition system capable of identifying

synoptic-scale meteorological objects.

e Investigations into the assimilation of pattern recognition products from satellite im-

agery into NWP models.

A major goal of the project was seen to be the automated identification of synoptic-scale
features. A bottom-up approach to cloud system identification was set out by Pankiewicz [71,
73], whereby processing is done first at a local level, and then these local results are exploited
for broader analysis. A three-level scheme was proposed, whereby simple cloud classes are
first defined locally, followed by a broad segmentation of the image. Textural properties are
then calculated over each region (avoiding the problem of calculating texture over boxes of
a fixed size), and used as input to a second classifier together with the class from the first
stage. The final classifier would attempt to allocate each region to a specific synoptic-scale
system. Following this scheme, a neural network classifier was developed to classify clouds at
a local level [72, 75], the first stage of the scheme. Work was subsequently done towards the
partial realization of the second stage [76], the output from the first classifier being used to
determine the size of region over which to calculate the textural information for the second
classifier.

A neural network is currently being used in operational trials as part of the thunderstorm
flood forecasting system, GANDOLF* [74, 77). The neural network estimates the cloud type
(relating to airmass) within the satellite imagery, and this is then used (in a separate stage)
to decide which of two forecast methods should be used — an extrapolative one for dynamic
cloud conditions or an object-oriented developmental/decay one for convective situations.
The production of a training set for airmass classification was undertaken due to the need
for a suitable training set for use in this system. The training set is also used for this thesis
and is described in Section 1.4.2.

The progress of the project was reviewed by Pankiewicz in January 1997 [78]. He also

4Generating Advanced Nowcasts for Deployment in Operational Land-based Flood forecasts.
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reported on the construction of a feature selection and evaluation tool, and considered a
number of pattern recognition products that might be of benefit to NWP models at the
UK Meteorological Office, including cloud cover estimation and cloud-type determination.
There has been a shift in the emphasis of the project recently from providing new tools
for the forecaster to the direct use of pattern recognition products in the NWP model, via
data assimilation. Currently, the best candidates at the mesoscale® are cloud cover and
precipitation estimation. It is planned to use both of these in Nimrod, a nowcasting® system
at the UK Meteorological Office, the former to detect cloud that is difficult to identify using
thresholding techniques (such as thin cirrus or stratocumulus at night), and the latter to
improve the precipitation analyses outside the areas covered by radar, or to delete false radar
echoes. At the synoptic scale, the estimation of potential vorticity from water vapour and
infra-red imagery is seen as being potentially important. Potential vorticity is a diagnostic
used to understand the dynamics of the atmosphere, and can be important for initiating the
correct dynamical state of the atmosphere in the NWP model.

The work for this DPhil project is being supported by a Cooperative Award in Science and
Engineering (CASE) from the Engineering and Physical Sciences Research Council (EPSRC),
with the industrial collaborator being the UK Meteorological Office. This work was not
intended to be part of the project described above, but naturally fitted alongside it, so that
parallel but distinct research could be undertaken. This research is concerned with the aspects
of the UK Meteorological Office’s project relating to cloud-type recognition and synoptic-scale
analysis of cloud fields.

This thesis broadly follows the bottom-up approach suggested by Pankiewicz, proceeding
from local to large-scale processing, and makes major use of neural network methods. The
neural network model used for the UK Meteorological Office studies is called the multi-layer

perceptron (see Chapter 2), which is also considered in detail here. In addition, the use of

5 Mesoscale implies a spatial scale from a few kilometres to several hundred kilometres, and a temporal
scale of approximately one to twelve hours. Structures on these scales are often apparent within synoptic-scale

systems.
6Forecasting in the very short-term, up to approximately six hours ahead.
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a radial basis function neural network has been investigated, and compared with the results
of a simpler, linear technique as well as a method that takes into account the local spatial
context of each pixel. A major component of this thesis is the analysis of the optimum set
of features for cloud-type classification, using a different technique to that considered by the»
UK Meteorological Office.

One of the UK Meteorological Office project’s original objectives was the consideration of
unsupervised techniques such as the Kohonen neural network (see Chapter 4). Unsupervised
methods work without the need for class labels supplied by a human expert, and are useful
for the analysis of the features and datasets being used. A number of techniques, including
the Kohonen network, are investigated in this thesis for the thorough analysis of the data.
Working towards the UK Meteorological Office’s objective of the automated recognition of
synoptic-scale features, large-scale segmentation techniques are also considered towards the
end of the thesis. These techniques act on the results of processing at a local level, which fits
in with the scheme suggested by Pankiewicz [78].

In summary, the research described in this thesis concerns principally the application
of neural network techniques to the problem of cloud-type determination and large-scale
segmentation of cloud images, considering in detail each stage in the process. The research
complements that being done at the UK Meteorological Office which has been described in
this section. As the work covers a number of distinct areas, previous work conducted by other
researchers is summarized in the appropriate parts of the thesis, mainly in Sections 3.1, 3.2,

5.1, 6.2.1 and 7.1.

1.4 Datasets used

Two sets of images have been used for this study. The first is a set of images from the Meteosat
geostationary satellite, and the second is a set from a National Oceanic and Atmospheric
Administration (NOAA) polar-orbiting satellite. Details of these satellites and the sensors

used for the capture of the images can be found in Appendix A.
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The two sets of images constitute a total of 458 visible and infra-red image pairs, or
approximately 700 megabytes of information. For the automatic classification of regions of
image into cloud type, as described in Section 1.3, a set of regions that have been expertly
labelled according to cloud type is necessary for the purposes of setting the parameters of
the classifier. Sets of labelled samples have been provided for each dataset, which are also

described in this section.

1.4.1 The Bankert database

Following contact between the UK Meteorological Office and the Naval Research Laboratory
(NRL) in Monterey, California, a set of images has been obtained, along with a set of labelled
regions. The data have kindly been supplied by Dr Bankert of the NRL. The images are from
a NOAA satellite, which has on board a second-generation Advanced Very High Resolution
Radiometer (AVHRR), giving sub-satellite resolution of 1.1 km. For further details of this
satellite, see Appendix A. This database is the same as that used by Bankert for various
cloud studies [1, 5, 6].

The database consists of 95 AVHRR images for channels one (in the visible range) and
four (infra-red), obtained between October 1988 and October 1989 (although one is from
January 1988). They are taken from seven maritime regions in the Northern Hemisphere and
therefore are limited neither to a specific time of year nor to a particular region. The seven
maritime regions are the Atlantic Ocean, Pacific Ocean, Mediterranean Sea, Persian Gulf,
Barents Sea, Kuroshio Current and China Sea.

Channel one is calibrated to albedo and channel four to brightness temperature, and both
channels are scaled to grey-levels between 0 and 255. This range of values is representative of
0-100% albedo and 185-312 K respectively. Channel one is also normalized by the cosine of
the solar zenith amgle7 to correct for different solar elevations. Only images that were taken

with a solar zenith angle of less than 75° were used.

7 Angle subtended from the local vertical by the sun.
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Table 1.2: The cloud classes from the Bankert dataset. Listed are the classes used
along with their common abbreviation and the number of samples for each class.

Cloud type Code Total
Cirrus Ci 212
Cirrocumulus Cc 72
Cirrostratus Cs 166
Altostratus As 154
Nimbostratus  Ns 59
Stratocumulus Sc 248
Stratus St 225
Cumulus Cu 118
Cumulonimbus Cb 128
Clear Clr 220

Sample areas of 16 x 16 pixels have been expertly labelled as one of the ten cloud classes
listed in Table 1.2; note that a “clear” category is included. The 16 x 16 pixel sample
had to be covered by at least 75% of a particular cloud type for it to be used (50% for
Stratocumulus), and all samples were taken over sea so that the relatively bright and warm
land does not interfere with the study. An initial collection of 610 samples from four images
was provided by experts at the Naval Postgraduate School (NPS), and expanded to a total of
1633 by experts at the NRL [24]. For the NPS samples, two experts independently classified
each region, and only those regions that had both experts in agreement on the class were
used for the dataset. For the NRL portion of the dataset, only samples on which four experts
had a majority agreement were used [24], this being only 59% of the original samples. This
percentage shows the difficulty posed even to human experts.

Following an examination of the images for this thesis, the infra-red bands of two of the
images from the China Sea were found to be wholly or partly missing. Therefore these two
images, and their labelled samples, were removed. In addition, some samples were found to
be over land, so these were also removed. This left a total of 93 images and 1592 labelled
samples.

Table 1.2 shows how the 1592 samples are divided up into the various classes. The

dataset is not equally balanced between the classes, and the proportions are not intended to
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be representative of the probabilities of finding each cloud type in nature.

Note that channel two of the AVHRR instrument is usually the one referred to as the
“visible” channel even though it is actually in the near infra-red beyond the range of the
human eye. Howe%rer, in this thesis the term “visible” will refer exclusively to channel one

which is in the visible range of humans.

1.4.2 The Meteosat database

The samples were taken from a set of 365 Meteosat daytime visible and infra-red image pairs
collected over the course of 1994 [75, 77], in the period from two hours after local sunrise to
two hours before local sunset. These come from the UK Meteorological Office’s Autosat-2
automatic processing system [2] (now superseded by Autosat-3), in an area covering north-
west Europe, the North Sea and part of the eastern Atlantic Ocean. The visible channel is
calibrated to albedo and the infra-red channel to brightness temperature, and both channels
are scaled to grey-levels between 0 and 254 (the value 255 indicates missing data). This
range of values is representative of 0-100% albedo and 198-308 K respectively. The visible
channel is also normalized by the cosine of the solar zenith angle to correct for different solar
elevations.

There is an image pair from each day of the year, except for nine days in September where
the quality of data was poor due to a data format change. An extra image was taken from each
of the five days before and the four days after that period to replace the poor quality ones.
The images have been re-projected into polar stereographic coordinates, using the neérest
| neighbour method to assign grey-levels to the re-projected pixels, such that pixel resolution
at 60°N is 3.84 km. The size of each image is 640 x 640 pixels, which is approximately
2460 km across.

An expert at the UK Meteorological Office has labelled 2190 17 x 17 pixel regions into
one of the five classes shown in Table 1.3. Each class is not equally represented in the dataset;

however the numbers were chosen to be representative of the distribution actually found in
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Table 1.3: The cloud classes from the Meteosat dataset. Listed are the classes used
along with their abbreviation and the number of samples for each class.

Cloud type Code Total
Clear sea Sea 225
Clear land Land 207
Dynamic cloud Dyn 986

Shallow Convective cloud Shal 652
Deep Convective cloud Deep 120

the imagery. The samples have been labelled according to the physical nature of the airmass
present, rather than using the more subjective labels such as Cirrus and Cumulus which are

used for the Bankert database described in the previous section.

1.5 Software used

An integrated system has been developed for this thesis for the display and analysis of satellite
imagery. Called NetSat, it has been designed to be modular in order to facilitate the addition
of new image and sample databases, the production of new algorithms, and their integration
into the system.

NetSat has been developed in the C++ programming language, which is an object-
oriented language, using the TargetJr integrated image understanding environment. TargetJr
is a C++ library produced from a collaboration between the Visual Geometry Group at Ox-
ford, GE/CRD? in the USA, and INRIA?® in France. TargetJr provides a comprehensive user
interface framework, as well as a broad suite of optional image processing algorithms.

The algorithms and methods used in and developed for this thesis have been organized

into modules and integrated into the TargetJr environment. They can be broadly divided

8General Electric Corporate Research and Development.
9Institute National de Recherche en Informatique et en Automatique.
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into three major types:

e Data modules:
Management of the satellite image databases and their samples.
Extraction of features (see Chapter 3) from the pixel information.

Creation and management of datasets.

e Algorithm modules:
Neural network methods.

Segmentation algorithms.

e Interface modules:
Display of images.

Display of coloured overlays for various purposes.

The algorithm, data and interface modules are designed to interact with each other, exchang-
ing information as required. These functions are in addition to those provided by TargetJr.
An example screen-shot is shown in’ Figure 1.6, showing some of the features of NetSat.
The functions in the pull-down menus from File to Enhance are provided by the TargetJr
environment, while the rest have been developed as part of the work presented in the rest of
the thesis. There is the facility to zoom in and pan across the displayed image, to change
the displayed spectral channel, as well as to load multiple images and switch between them

instantly.

1.6 Outline of the thesis

The specific aims of the work presented in this thesis have been outlined in Section 1.3,
and represent a thorough investigation into each aspect in the process from raw spectral
information to large-scale definition of cloud regions. Each stage in the process is dealt with
‘separately in consecutive chapters, providing a natural and self-contained progression from

initial aims to completed goals.
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The theory of the two main neural network models considered, the multi-layer perceptron
(MLP) and the radial basis function (RBF) network, is presented in Chapter 2 within the
framework of statistical pattern recognition. For good classification results, textural and
spectral information (features) must be extracted from the raw grey-levels of the images,
followed by a feature selection method to determine the most useful set of features. This is
dealt with in Chapter 3. It is important for the design of any cloud classification system to
gain a full understanding of the dataset being used. Chapter 4 presents three techniques for
visualizing points in the dataset, and how the cloud classes are related to each other, which
provide important information for the analysis of the results of the subsequent chapters.

Having considered the neural network models, the extraction 6f information from the
images, and the analysis of this information, Chapter 5 deals with the classification of the
cloud samples from each of the databases described in Section 1.4. Chapter 6 is a natural
extension of this, applying the classifier to every pixel from a number of satellite images.
The limitations of such an approach are discussed, and a Markov Random Field approach
is introduced as an alternative. Chapter 7 draws from all the results of previous chapters,
and addresses the problem of large-scale segmentation of the satellite image into distinct
regions of cloud type. Finally, conclusions and suggestions for future work are presented in
Chapter 8, as well as a summary of the main contributions of this work.

The technical details of the satellites and the sensors used for the capture of the images
used in this thesis are found in Appendix A, while Appendix B gives the detailed theory of the
multiscale Markov Random Field model which is used in Chapter 6. Various mathematical
methods required for the segmentation work of Chapter 7 are presented in Appendix C. Full-
size versions of almost all of the images used for the display of results throughout the thesis
are in Appendix D, showing both the visible and infra-red images as well as details about the
date and time of the images. As already mentioned, the work in this thesis covers a number of
distinct areas. For this reason, previous work conducted by other researchers is summarized

in the appropriate parts of the thesis, mainly in Sections 3.1, 3.2, 5.1, 6.2.1 and 7.1.



Chapter 2

Bayesian classification methods and

neural networks

Two different models of neural network have been used for this work, the multi-layer percep-
tron (MLP) and the radial basis function (RBF) neural network. The biology of the animal
nervous system may be the iﬁspiration for certain aspects of these models [27], but they are
best understood from a mathematical perspective and it is important to place them within

the framework of statistical pattern recognition theory [8, 32, 88].

2.1 Bayes classifiers

If a set of m measurements z1,Z2,... ,Tm, represented by the vector x, is made on a sample
drawn from the general population, it is the goal of a classifier to assign this sample correctly
to one of a pre-determined number of classes. Let the assigned class be denoted by C;, where
i is the class index. In its most general form, a classifier may be formulated in terms of
a set of discriminant functions [8]. For an n-class problem, there will be n such functions
g1(x),... ,gn(x). A simple decision rule is then used to assign x to a class: if g;(x) > g;(x)
for all j # i, then x is assigned to class C;.

Bayes’ theorem can be stated as follows, using a lower-case p for probability density
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functions and an upper-case P for discrete probabilities:

p(x | C;)P(C;)
p(x)

P(C; | x) = (2.1)

where P(C; | x) is the a posteriori (or simply posterior) probability that the class is C; given
the values of the measurements x. P(C;), the a priori (or simply prior) probability of class
i, may either be calculated on theoretical grounds or based on prior observations. Note that
p(x) is a normalization factor to ensure that the posterior probabilities sum to one, which
leads to p(x) = >, p(x | C;)P(C;), where the sum is over all classes.

Bayes’ theorem expresses the posterior probability in terms of quantities that are easier
to estimate. Assuming for the moment that these quantities can and have been estimated,
it is clear that P(C; | x) can be used as the discriminant function for class Cj, so that

gi;(x) = P(C; | x). The decision rule is now

Assign x to class C; if P(C;|x) > P(C; |x) forall j#1. (2.2)

If this rule, the Bayes decision rule, is used for classification, then it can be shown that the
probability of misclassification is minimized [8, 32]. A classifier that uses this rule is known
as a Bayes classifier.

Decision surfaces can also be defined which divide the input space into decision regions.

The surface separating classes ¢ and j is given by the equation

gi(x) = g;(x) (2.3)

or P(C;|x)=P(C;|x). (2.4)

2.1.1 Estimating the class-conditional densities

The task of estimating the class-conditional density p(x | C;) on the right-hand side of

Equation 2.1 may be non-trivial. For a simple one- or two-dimensional problem with a large
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quantity of measurements, it is possible to use histograms of the data within each class for this
purpose [8]. For any higher dimensions, a choice of a histogram bin size that gives reasonable
resolution along any one axis would lead to far too many bins; most bins would either be
empty or contain only a few points. This is referred to as the curse of dimensionality [8].
Hence for most practical applications, the solutions fall into one of the following three
categories:
e Make an assumption about the distribution of data within a class. The Gaussian density

function is most commonly used for p(x | C;). These are the so-called “parametric

methods” because the model is based upon parameters estimated from the data.

e Estimate p(x | C;) using non-parametric methods. Here, no model is assumed; instead

some other approximation is used.

e Do not compute p(x | C;), but estimate the posterior probabilities P(C; | x), which are

the discriminant functions g;(x), directly from the data.

The first two solutions will be discussed briefly in the next two sections. The MLP falls
into the third category, and will be covered in more detail in a separate section later in the

chapter.

2.1.1.1 Parametric approach

As stated above, the most common function used to model p(x | C;) is the Gaussian distri-

bution:

pix|O) = e on | - w B -] @29)

for a d-dimensional feature vector x. The covariance matrix ¥; and mean vector u,; are
estimated from the data for class ¢ only.

The discriminant function is given by:

gi(x) = P(C; | x) = p(x | C;)P(Ci) (2.6)
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Figure 2.1: Quadratic decision surface between two Gaussian distributions. Con-
tours of equal probability for each class are shown.

from Equation 2.1, dropping the p(x) since it is a normalizing factor common to all classes.
Since only the magnitude is needed, any monotonic function may be applied to this equation.

Taking logarithms, the following expression is obtained:
9i(x) = Inp(x | C;) + In P(C;). (2.7)

Inserting the Gaussian distribution for p(x | C;) from Equation 2.5, and dropping constant

terms, the expression becomes:
gi(x) = —5(x — )" By (x — ;) — 5 In %[ + In P(C). (2.8)

This is a quadratic discriminant function, and the decision surfaces are therefore also quad-
ratic [32]. For example, in two dimensions the surface is a conic section, either a parabola,
hyperbola, ellipse or straight line. An example for a simple two-dimensional case is shown in
Figure 2.1.

If it is further assumed that the covariance is the same for each class, then ¥; = 3. All
the terms in Equation 2.8 that are now class-independent (i.e not having the subscript 7) can

be dropped, leaving only terms linear with x:

gi(x) = Wi x + wip (2.9)
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where

wi = ul®-! (2.10)
1 -
Wi = —-é-/.l,;;rz 1’-”1‘ + lnP(C’i). (2.11)

This gives rise to linear discriminants where the decision surfaces are hyperplanes in input

space.

2.1.1.2 Non-parametric approach

The k-nearest neighbour classifier [8] is an example of a non-parametric method based on
the Bayes discriminant function (or decision rule), and is the only such example that will be
outlined here.

Consider a dataset containing n feature vectors, with n; vectors within each class ¢. The
class-conditional densities are estimated by considering a small hypersphere centred at x. If
the volume V of this hypersphere is chosen such that it encloses exactly k data points, with

k; from class 7, these values can be used to estimate the probabilities required [8]:

ki
p(x|Ci) = -1 (2.12)
(x) ~ - 2.13
p ~ nV ( ° )
P(C) ~ . (2.14)

n
Inserting these into Bayes’ formula, the discriminant function is obtained:
C;)P(C; k;

gi(x) = P(C; | x) = p(x | C)P(Gy) N, (2.15)

p(x) k

Thus a new sample will be assigned to the class that has the greatest number of data points

within the sample’s hypersphere.
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Figure 2.2: The structure of a multi-layer perceptron (MLP). The bias units are
not shown in the diagram.

2.2 The MLP

Although at first sight the MLP seems a very different approach to pattern classification
compared with the Bayesian methods, it does share some important underlying principles.
As will be illustrated later, an MLP computes a set of decision surfaces like the Bayesian
methods, but without the need for any simplifying assumptions about the density functions.
Furthermore, for a particular type of MLP archite;:ture and training procedure, the outputs
of the MLP are direct estimates of the posterior probabilities P(C; | x).

The theory of the MLP dates back to the work of McCulloch and Pitts [65] in 1943 who
investigated the use of threshold logic units. Single-layer networks of these threshold units
were then studied by Rosenblatt [90] in 1958 under the name perceptrons, and by Widrow
and Hoff [116] in 1960 who called them adalines. These can be combined into multiple layer
perceptrons (MLPs), the training of which remained a problem until the work of Werbos [114]

in 1974.

2.2.1 Structure of the MLP

The basic structure of an MLP is shown in Figure 2.2. It creates a non-linear mapping
from an input vector to an output vector, the internal elements enabling this mapping to be
achieved. The input units (denoted by squares) perform no function other than to distribute
the applied inputs to all subsequent units in the hidden layer via the w;; weights. The units

in the hidden and output layers (denoted by circles) perform a weighted sum of the inputs
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to that unit, before a non-linear function f is applied to the resulting sum:

hj=f (Z w; Tk + bias j) (2.16)
k

yi=f Z w,-jhj + bias; (2.17)
j .

where bias ; and bias; are the bias terms for each unit. These bias terms can incorporated
into the weight matrices w;; and w;; by specifying that the input unit zo and hidden unit
ho are bias units having a constant output of 1.0, and the weights w;o and wjo are the bias
weights bias ; and bias;. The justification for these terms comes from the presence of the wjg

term in Equation 2.9. The weighted sums now simplify to:

hj=f (Z wjkiﬂk) (2.18)
k

yi=f Z wijhj | . (2.19)
J

The form of the function f will be explained later.

Variations include having only partial inter-connection between units in adjacent layers,
and applying a linear function at the output layer. It is also possible to use more than
one hidden layer. However, MLPs with one hidden layer have been shown to be capable of
approximating any non-linear mapping (the universal approzimation property [26]), although
one hidden layer is not necessarily optimal in terms of ease and duration of training, nor is it
possible to predict how many units are reqﬁired in the hidden layer to approximate a given
mapping.

In the discussion that follows, the following notation will be applied. Units in the input,
hidden and output layers are identified byvthe letters k, j, and ¢ respectively. Input vavlues
are denoted by zx. Since the input layer performs no mapping, xy is just the component of
the input vector applied to that unit. The values at the outputs of the hidden and output

layers are h; and y; respectively. The desired or “target” response is t;. The weight for the
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Figure 2.3: The sigmoid function of Equation 2.21.

connection between unit k£ in the input layer and unit j in the hidden layer is wj;. The
non-linear function used is denoted by f,. For instance the output of unit j in the hidden

layer is given by:

hj = fa (Z 'wjka:k> . (2.20)
k

The most common non-linearity in use is the sigmoid function, shown in Figure 2.3, which

is defined by:

1

fa(m) = 1 +e_m'

(2.21)

This is a differentiable function, which is vital to the training algorithm described next. Its

derivative can easily be shown to be given by: f.(z) = f,(z)(1 — f+(z)).

2.2.2 Training the MLP — the error back-propagation algorithm

The MLP’s internal weights are set during a period of supervised training. A popular method
is the method of error back-propagation, and any further mention of the term “MLP” will
imply an MLP trained by error back-propagation. The basis of back-propagation was first
presented by Werbos [114] in 1974 but was only brought to a wide readership by Rumelhart

et al [94, 95 in 1986.
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The following error function is introduced:

E= O (2.22)

which is the summed square error for one presentation of a training pattern x (with an
arbitrary factor of 1/2 which will simplify equations later). A gradient-descent algorithm is

used to minimize this error. The error may be viewed as a function of the weights in the

MLP:
E = E(w;,ws,... ,wN) (2.23)

where the term w; is one of the weights wj; or wg; and N is the total number of weights in
the MLP. Note that this error surface is different for every input vector, because the surface
is formed by considering the error for all possible weights for the current input vector.

Each weight will be perturbed by a small amount to change the error E:

OF oF oF
0F = 51-1)—15101 + 8—11)2-511)2 + -+ Md’wN = (VE)- (6w) (2.24)

where 0w is the vector of weight changes. In order to achieve the maximum error decrease

for a given magnitude of 0w, it must be in the opposite direction to VE:
0w = —aVE (2.25)

where o is the learning rate, which controls how large the step down the error surface is each
time. The weights are updated after every presentation. An alternative, not used in this
thesis, is to store up the updates and to change the weights only after presenting the entire
dataset (the batch version of gradient descent). In addition to the above weight changes, an
optional momentum term may be added, which is a fraction of the previous change for that

weight. This usually helps to speed training.
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Each of the two sets of weights associated with the hidden-layer and output-layer weights

will now be considered in turn, deriving the rule for weight update.

2.2.2.1 The output layer

Considering individual weights, Equation 2.25 can be written as

OF

Awij = —Ozaw“.
tJ

(2.26)

Now recall Equation 2.22 and the fact that

yi=fo | D_wijhj | = fo(a;) where q;= > " wijh;. (2.27)
J J

Using the chain rule on Equation 2.26, and evaluating the resulting parts using expressions

given thus far, the expression for the weight change becomes:

oF 3&5
A’wij = —aa—ai awij
= —ad;h; (2.28)
where
OF
_ 9B oy
~ y; Oa;
= {yi —tiH{m(l —w)}- (2.29)

Equation 2.28 is used to adjust the weights in the output layer.
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2.2.2.2 The hidden layer

In a similar way to the output-layer calculations, Equation 2.25 can be written as

oF
jk = — 2.30
A'ka Ozawjk ( )
and
hj = fa (Z 'wjkwk) = fa(bj) where bj = ijka:k. (2.31)
k k
The chain rule is again used on Equation 2.30:
OF 0b;
Awj = —0— —2
ik 8bj 8wjk
where
OE
_ 9B 9y
B Oh; Ob;
OFE
oh; {hi(1 - hj)} (2.33)

There is no simple expression like Equation 2.22 for the error F in terms of the hidden-layer
outputs h;, which there was for the output layer. However, use can be made of the fact that

there is an expression for the delta values §; from Equation 2.29, and —g,—fj—_ can therefore be
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re-expressed in terms of this parameter:

oF BEc’)a,
hy ~ 2 a: ohy

6a,-
- Z % 5h,

= Z Jiwij. (234)

Thus Equation 2.33 becomes:

b = (Z_ aiwz-j> {h(1 = hy)) (235)

and the weight update rule for the hidden layer is given by Equations 2.32 and 2.35. Note
that it includes the error terms §; from the output layer, which explains the description
“back-propagation of errors”. The sum term of Equation 2.35 is just the weighted sum of all

output delta values going back into hidden unit ;.

2.2.3 Output representation and decision rule

The exact form of the target output vectors ¢; has not yet been specified. There are a number
of different ways to encode a classification into a vector; the preferred one is the one-of-m
encoding [87], where for m possible output classes, there are m outputs. The target vector
is binary, with 0 in all elements except that of the designated class, which is set to 1.

With this output representation, it has been shown [87] that once trained, the outputs
of the MLP are direct estimates of the Bayesian posterior probabilities P(C; | x). Thus the

Bayesian decision rule can be used in order to choose the class on the basis of the values in

the output vector:
Assign x to class C; if y; >y; forall j # 1. (2.36)

In other words, assign the class to that represented by the largest output.
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Figure 2.4: Representation of MLP decision surfaces. The planar decision surfaces
are infinite in extent and arise from the the hidden-layer representation of the MLP.

In this way the data space is divided up into different output class regions. A significant
difference between MLPs and RBFs, which are described in the next section, is the way in
which the data space is segmented. An MLP uses non-linear combinations of the planar deci-
sion surfaces (formed by the hidden layer) to segment the space, as schematically illustrated

in Figure 2.4, whereas the RBF uses localized hidden-layer kernel functions.

2.3 The RBF network

This section describes the architecture and training procedure for RBF networks. They are
trained in a two-stage process by a mixture of supérvised and unsupervised training, which
can be useful when there is plentiful unlabelled data but fewer labelled data, since all ’the
former can be used for training, unlike for the MLP. The RBF network can trace its origins
to exact interpolation methods [86], and is now widely used in the neural network community
[14, 68]. Despite the different architecture, there are many important similarities to the MLP,

which are described in Section 2.3.3.

2.3.1 Structure of the RBF network

Superficially, the structure of an RBF network (see Figure 2.5) is similar to that of an MLP.
The main difference lies in the hidden-layer representation. In the MLP, the weights for

hidden unit j consisted of a vector used to perform the weighted sum of the inputs; in the
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Figure 2.5: The structure of a radial basis function (RBF) network

RBF network the free parameters are the mean p; and the covariance ¥; of a multivariate

Gaussian ¢;(x),
45() = exp |~ (x = 1) (85) 0 — 1) | (237)

The output of each hidden unit is just ¢;(x), where x is the input vector. The output layer
then simply performs the weighted sum of its inputs. Therefore the input-to-output mapping

process can be written as:

yi(x) = ) wijhj(x). | (2.38)
i

As for the MLP, a bias weight is usually included in the above sum; this may again be thought
of as an extra hidden-layer node with a constant output of 1.0 connected to each output node.
Note that the Gaussian function in Equation 2.37 is not normalized because the normalizing

constant has been effectively absorbed into the weights w;; in Equation 2.38.

2.3.2 Training the RBF network

As seen in the previous section, the two layers perform very different functions, and as a
result they are trained separately, one after the other. First, the hidden-layer basis function
centres and widths are determined in an unsupervised fashion. The training vectors are then
mapped into the basis function space by feeding them through the first layer, and these

mapped vectors are then used to train the output layer.
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2.3.2.1 The hidden layer

A number of unsupervised methods can be employed to set the parameters of the hidden-
layer basis functions. Usually the number of basis functions used is much greater than the
number of clusters in the data in order to get adequate coverage of input space, but less than
the number of training vectors available. It is possible to determine both the centres and the
widths of the basis functions using a maximum likelihood algorithm, such as the Expectation
Maximization (EM) algorithm [28], if the distribution of the input data is modelled by a
Gaussian mixture model.

Alternatively, a random subset of the training data points can be chosen as initial centres,
and then optimized using techniques such as K-means clustering [8, 68], Kohonen’s self-
organizing map [53], or the Generative Topograbhic Mapping (GTM) [9]. The widths of the
basis functions are subsequently set using a heuristic that ensures a certain degree of overlap
to give a relatively smooth representation of the training data. The Gaussians are restricted
to be spherical, such that 3; in Equation 2.37 is replaced by 032-.

One simple heuristic is to set o; to be the Euclidean distance to the nearest neighbour
kernel, or the average distance to the two nearest neighbours. An alternative approach is to

use the following heuristic:

o? = 3 (e ) (= 1)) (2:39)
J x€C;j

where ercj denotes a sum over those n; training patterns x closest to basis function j,
with centre p;.

Although the hidden-layer training procedure is essentially unsupervised, it is sometimes
desirable to make use of the labels in the training data. It is important that each class is
equally represented in the basis function space. The above methods will assign more basis
functions to regions of high input data density; if a class is well spread or under-represented

then it will not be adequately covered by hidden-layer basis functions, and as a result the
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classification accuracy may suffer.

Therefore the following approach can be taken. Select a subset n. patterns from each
class (from the total for that class, N.) at random as the basis function centres. Each basis
function representing the same class is assigned the same width, o, calculated as follows:

:

o

=+ Y o p)x-m) (2.40)

C
xeclass ¢

where p, is the mean of all training vectors in class ¢. This is equivalent to the sum of the

diagonal terms of the covariance matrix for vectors from class c.

2.3.2.2 The output layer

Now that the basis functions have been fixed, the values of the output layer weights can
be determined. Each training vector is mapped onto the basis function space using Equa-
tion 2.37. The ¢;(x) values from the hidden layer are then used to train the output layer,
which is just a linear version of the MLP output layer (i.e. no sigmoid function f, is used).

There are two approaches for minimizing the sum-of-squares error function given in Equa-
tion 2.22. The first is to follow a similar iterative procedure to that used for training the

output layer of the MLP. Modifying Equation 2.28, the following expression is obtained:

Aw;j = —ad;p; (2.41)
where
O0E OF 0y,
. = = = ; — t’l, .
o; 3a; ~ 9y, a; (i — ti) (2.42)

since y; = a; for linear outputs. This is the update rule for training the output layer. Since
it is a linear optimization problem, this iterative procedure will find the global minimum.

Although the above method is simple to implement, a non-iterative solution exists. Taking
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all Npatterns training patterns at once, Equation 2.38 can be re-written as:

Y
Il

W (2.43)

where Y is a Noyiputs X Npatterns matrix of outputs, ® is a Npiggen X Npatterns matrix of basis
function outputs and W is the Noutputs X Npigden Output-layer weight matrix. The solution

to W is wanted when Y = T, the matrix of target outputs. This gives:
W = T&t (2.44)

where &1 is the pseudo-inverse of ® (since ® is not necessarily square) which can be found

by singular value decomposition.

2.3.3 Further properties and comparison with MLPs

Both the MLP and RBF network input-output mappings may be viewed as variants of gen-
eralized linear discriminants [8], the definition of which has already been seen in the context

of RBF functions in Equation 2.38:

yi(x) = wiéi(x). (2.45)
J

For the RBF network, the ¢;(x) values are the hidden-layer basis functions, while for the
MLP they are the weighted sum functions of the hidden layer. The MLP also has a sigmoid
function applied to its outputs.

Due to the different hidden-layer structure, different hidden-layer representations of input
space are formed. For the MLP the hidden layer forms a distributed representation, with
hyperplanes extending to infinity (see Figure 2.4). For the RBF network the hidden layer
is composed of localized basis functions in space, giving rise to a localized representation of

input space, as depicted in Figure 2.6.
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Figure 2.6: The equivalent localized RBF representation of that shown for the MLP
in Figure 2.4.

Both architectures are similar in that they can approximate arbitrary non-linear functional
mappings from an input vector x to an output vector y. When an RBF network is used for
classification, with the one-of-m encoding described in Section 2.2.3 for the MLP, it shares
the same important property of MLPs that its outputs are estimates [8, 87] of the posterior
probabilities P(C; | x). In addition, the property of universal approximation is also valid for
RBF networks [80], so the architecture described in this section is sufficient in principle to

approximate any arbitrary mapping.



Chapter 3

Features

Each pixel in a satellite image can be represented by an n-dimensional vector, where n is
the number of spectral channels, each vector element being the raw spectral value from
each channel. This is a primitive “feature vector” which requires no processing but which
will provide only limited discriminatory information for determining the cloud class for that
pixel [40]. Much more information can be obtained by considering the textural characteristics
of the image data. For example, dynamic cloud such as stratus and cirrus tends to have a
smoother texture than convective cloud such as cumulus and stratocumulus [4]. Furthermore,
the latter two convective cloud types can be distinguished from each other by the fact that
stratocumulus has larger convective cells than cumulus, and hence has different textural
chara,éteristics (see Section 1.2 for further information on the basic identification of cloud
types).

Spectral information, when used in conjunction with textural information, remains im-
portant for determining cloud type [40]. For instance the two dynamic cloud types cirrus
and stratus have similar textural characteristics and may therefore be difficult to distinguish
using the texture alone. However, the former is a high-level cloud and the latter a low-level
cloud and so the infra-red spectral value, which indicates the cloud-top temperature (and
therefore height [16]) of the cloud top, is a very useful distinguishing feature.

A feature, therefore, is a value calculated (or simply obtained) from the image data at a
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particular point which encapsulates some textural or spectral property of the image at that
point. This chapter describes all the features considered, and the reasons for using them.
Many of the features will be highly correlated, and it is necessary to select only the most
discriminatory features for reasons explained in Section 3.2. Two feature selection methods
a;e investigated in this chapter. The first uses the Bhattacharyya distance measure, and the

second is a novel feature selection method based on the RBF networks presented in Chapter 2.

3.1 Description and overview of features

A feature vector is to be assigned to each pixel individually, but texture can only be defined for
a region of an image. Therefore a 16 x 16 pixel region surrounding the pixel is used, and a set
of statistical measures describing the spatial distribution of grey-levels in the region [41, 42] is
calculated. The measures attempt to quantify such subjective notions as fineness, smoothness,
granulation, randomness, lineation and mottledness. The term “spectral feature” will include
simple statistics performed on all the grey-levels within the 16 x 16 pixel region, such as the
mean, maximum, median, and standard deviation. For the Meteosat database described in
Section 1.4.2, 17 x 17 pixel‘regions are provided; in order to be consistent with the Bankert
database, these regions are reduced to 16 x 16 pixels.

Gu et al [40] provide a comprehensive analysis of 58 textural and spectral features and
their applicability for distinguishing 13 cloud types. The best features for discriminating all
the combinations of class pairs were investigated, as well as a ranking for the best overall
features for separating the most difficult pairs. They came to the conclusion that while the
textural features are highly important, they should only be considered as adding value to the
spectral features which are of more value than any of the textural features. Also noted is the
usefulness of textural features that respond to different scales in the image.

The results from studies concerned directly with classification are described in Section 5.1.
The studies use and compare various textural, physical and spectral features that are appro-

priate for cloud classification. The most common textural features used are the Grey-Level
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Table 3.1: Grey-level difference vector (GLDV) features; m is the absolute difference of grey-levels
one pixel apart (0° or 90°), and P(m) is the probability density function for m. (From Bankert [5]).

Mean difference p= E mP(m)

1/2
Standard deviation o= {E(m - u)zP(m)}

Angular second moment » _ [P(m)]?

Entropy - E P(m)log P(m)
Local homogeneity Z %

Contrast Z m>P(m)

Cluster shade L (m ;f )"P(m)

Spm—w)iPm)

Cluster prominence y
o

Difference Vector (GLDV) measures [115] presented in Table 3.1, the Sum and Difference
Histogram (SADH) measures [110] presented in Table 3.2 and the Run-Length (RL) statis-
tics [34, 38] presented in Table 3.3. These textural measures were found to provide sufficient
discriminatory information for good classification accuracy. In addition, the Grey-Level Co-
occurrence Matrix (GLCM) features [81, 107] were found to provide very similar textural
information to the GLDV and SADH descriptors but at a greater computational cost [112].

Hence the textural features used for this work are restricted to those presented in the
tables. The measures can be calculated using either the horizontal or vertical pixel directions.
For this thesis, the. average of the features calculated in both directions is used. It will also
be noticed that the local homogeneity and contrast features are identical for the GLDV and
SADH features. As an illustration of one of the textural features, the GLDV homogeneity
feature has been calculated for every pixel of an example Meteosat image, and is shown in
Figure 3.1.

Welch et al [111] investigated how the GLDV features vary with resolution and pixel
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Table 3.2: Sum and difference histogram (SADH) features; [ is the difference of grey-levels one
pixel apart (0° or 90°), k is the sum, P(l) is the probability density function for [, and P(k) is the
probability density function for k. (From Bankert [5]).

Mean sum

Standard deviation

Angular second moment

Entropy

Local homogeneity

Contrast

Cluster shade

Cluster prominence

Correlation

p=Y kP(k)
k

1/2
o= {-;. [Z(k — w)?P(k) + Zzzp(z)} }
k 1)
Y [P®EP PO
k 1

— " P(k)log P(k) — > _ P(1)log P(I)
k [4

>4 (k — p)°P(k)

o3

Y ik — u)* P(k)

ot

Ek(k - ﬂ)zP(k) - El l2P(l)

202

Table 3.3: Run-length (RL) features; i is the grey-level (0 to 255), j is the length of a run of one
grey-level (1 to 16 for a 16 x 16 pixel sample area), P(i, 7) is the number of occurrences of runs of

length j having grey-level 4, T = 32, >
for a 16 x 16 region). (From Bankert [5]

J.

. P(i,7), and T} is the number of sample area pixels (256

Short run emphasis

Long run emphasis

Grey-level distribution

Run-length distribution

Run percentages

1 P(i,j)
% >3 #°PG.5)
=3 {Zj P(i,j)}

1

s {mrea

i
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separation, using Landsat images. Although Landsat has a spatial resolution of 57 m (see
Appendix A for a comparison with AVHRR and Meteosat), it was found that a resolution of
only -i— km to %— km was needed for good classification accuracy.

Baraldi et al [7] considered the GLCM features [81, 107] and how they relate to each
other, and which are .appropriate in describing certain types of texture within a satellite
image. Two parameters, energy and contrast, were considered to be the most efficient for
discriminating between cloud textural patterns, while there was shown to be some correlation
between the contrast and variance measures.

Morphological studies of individual cloud types have also been carried out, most notably
by Sengupta et al [101] for cumulus cloud fields and Kuo et al [55] for cirrus cloud fields.
These were in-depth investigations into the spatial, textural and structural properties of the
cloud fields, including analysis of the variation of these properties with the cloud cell size
and separation. GLCM features were used as texture descriptors, and for the latter study
the contrast and correlation features were found to be the best discriminators.of cloud field
structure for cirriform clouds.

Not related specifically to satellite imagery, a recent study by Jain et al [46] considered a
neural network model that acts as the texture feature extractor and selector itself, computing
features from the pixels that are most appropriate for the classification, and then performing
the classification. This has not been applied to satellite image interpretation.

For the spectral features, the mean, median, standard deviation, maximum, minimum
and range of the 16 x 16 pixels are calculated, as well as the value of the central pixel within
the 16 x 16 sample. All of the spectral and textural features are calculated for the visible
and infra-red channels separately, and constitute a total of 54 features. Visible Fraction,
calculated from ;che visible channel, is an estimate of the fraction of the sample covered in
cloud [35], and is included as the last feature, making a total of 55 features. These are the

same features as used by Bankert [5] and similar to those of the Welch et al study [113]. The
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visible fraction feature was calculated by labelling a pixel as cloudy if the albedo is greater

than 0.22, as justified by Garand [35].

3.2 Feature selection methods

Many of the features listed in Section 3.1 will be highly correlated, and this makes reducing
the number of features desirable. There is, however, a further reason for wanting to reduce
the number of features. Although a neural network trained in a supervised fashion acts as
a feature selector in itself, adjusting its weights to ignore features with no discriminatory
powers, there is a danger in having too many inputs. The use of more inputs than is strictly
necessary produces a larger nefwork aﬁd hence more free parameters. This will lead to the
network fitting itself too well to the training data, learning peculiarities in the data which
are not representative of the general population, leading to poor generalization capability on
test data [8]. Of course, this is a problem only for finite size training sets; if the set were
infinitely large, as many features as possible could be used.

This section describes two methods for selecting a subset of features. The first uses the
Bhattacharyya distance measure, and the second is a novel feature selection method based on
RBF networks. The Bhattacharyya distance measure for feature selection is common in the
cloud classification literature [5, 113], while others include the divergence distance measure,
the Fisher distance [33, 35] and principal components analysis [49]. A study by Bankert and
Aha [6] considered both sequential forward and backward selection (explained later), with a
nearest neighbour classifier used to assess performance. They noted an improved performance
of the resulting feature set over the set chosen using the Bhattacharyya distance measure!.
Penaloza and Welch [85] used a fuzzy expert-system to determine the effectiveness of three

approaches: the divergence, histogram analysis and discriminant analysis, concluding that

the former provided the best set of features. A good general reference to feature selection

1Using the same dataset and features as the Bankert and Aha study [6], no improvement in accuracy over
the features chosen using the Bhattacharyya method was found.
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methods can be found in Jain and Zongker [47], which contains application to Synthetic
Aperture Radar satellite images.
3.2.1 Bhattacharyya distance measure

The Bhattacharyya distance measure [30, 113] is a measure of the discriminatory power of a

set of features to separate two classes. It is defined as

i+ 3, 1, 5l(% + )|

~1
I5:3) = glos — )| 2P -+ g EEES )

where p; and p; are the means of the feature vectors for classes ¢ and j, and X; and X; are
the corresponding covariance matrices.

The first term provides a high contribution for those distributions whose means are well
‘separated, and the second term provides a high contribution for those whose covariances are
very different. For example, two Gaussian distributions that peak at the same mean, but
which have different variances, will still have a finite separability due to the second term.

The Bhattacharyya distance is designed to provide a separability measure for two classes.
However, for more than one class (as for the Bankert and Meteosat datasets), one may simply
sum over all the possible pairs, introducing the prior probabilities of the classes involved as

a weighting factor to produce the overall separability measure:

Cy=Y_ Y Jo(i,j)PP; (3.2)

=1 j=t+1

where n is the number of classes. Note that the prior probability P; is the probability that
if a sample is selected at random from the population, then it will be of class ¢. It is not
necessarily the same as the probability of class ¢ in the dataset, for the distribution of classes
in the dataset may be biased. For the case of the cloud classes used for this thesis, assume

that each cloud type is equally likely to occur in nature [113], and hence the P,P; term can
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be dropped from the expression:

Co=>_ > Jnli,j). (3:3)

i=1i=j+1

The Bhattacharyya distance measure also requires that a particular set of features has already
been chosen, in order to find the class separability using those features. A method is needed
to choose feature sets in order to determine the best set using Equation 3.3. The Sequential
Forward Selection (SFS) method [30, 113] is used for this purpose; it is a simple bottom-up
procedure where one feature at a time is added to the current feature set. At each stage,
a new feature is selected from the remaining features, so that the new enlarged feature set

yields a maximum Cj.

3.2.2 Radial basis function method

A major drawback of the Sequential Forward Selection approach is that once added, a feature
may not be removed, even if it is made redundant or irrelevant by the features added later
on. In addition, certain features may be useful only in combination with others. By building
up the vector one element at a time, these features may be overlooked.

An alternative is to consider the opposite of Sequential Forward Selection, where all the
features are present at the start and features are sequentially removed until the number
required are left [6]. In this way, all features are present with all others at the start, so that
combinations of features can take effect. A feature is removed that contributes the least, in
combination with any others, to the discriminatory powers of the feature vector as a whole.

In order to judge the level of discriminatory information provided by the feature vector
at each stage, an RBF or MLP neural network as described in Chapter 2 can be used. The
classification accuracy achieved is an indication of the usefulness of the set of input features.
If a feature is removed, then the classification accuracy should decrease the most for features
that provide a high level of discrimination. The process is summarized in the algorithm given

in Figure 3.2. The RBF network is particularly suited for this feature selection method, while
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1. Start with F-dimensional feature vectors, and identify each feature by f,,
where 1 is the index of the feature in the feature vector. Start n on the
first element, n = 1.

Create (F' — 1)-dimensional feature vectors by removing one feature, fy.

Train the RBF using these features and record the accuracy on the test set.

> woN

Increment n. If n > F then goto 5, else goto 2.

5. The feature vector that gave the highest classification accuracy is identified.
The missing feature for that feature vector is deemed to be the least useful
and is removed permanently. Hence decrement F' by one: F' — F — 1.

6. Set n =1 and repeat from 2 until F' is the dimension required.

Figure 3.2: The algorithm for the RBF feature selection method. All features are
initially present, and the least useful ones are removed in turn until the required
number are left.

the MLP is unsuitable. There are a number of reasons why this is the case.

Firstly, the MLP has a distributed representation, where for a given input vector many
hidden units typically contribute to the output. The mapping is highly non-linear and there
is much cross-coupling between the hidden units [8]. When the removed feature is changed
from one to another, it is not certain whether a small change in accuracy is attributable to
the feature change itself, or to a secondary effect which results in a different local minimum.
The RBF output layer is linear, and the hidden layer forms a local, simpler representation of
feature space, as explained in Chapter 2. Any change in accuracy is likely to be attributable
to the feature ch}ange, whereas this is not the case for the highly non-linear MLP.

Secondly, for each feature removal it is desirable to set up the classifier from a similar,
controlled starting point for training in order to minimize the number of possible reasons for
a change in accuracy. This is impossible to do for the MLP, since the distributed influence
of the weights is hard to control with a new set of inputs. With the RBF one can set the
positions of the hidden-layer kernel functions on certain data points which remain the same

for all training runs. The output layer is linear and the weights are determinable analytically

from the data points and hidden-layer parameters.
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Lastly, the effect of misleading features, as opposed to simply irrelevant features, is dif-
ferent for the two architectures. The MLP weights are adjusted to ignore the misleading
information during training, so that the removal of those features will have little effect on
the accuracy. However, a misleading input to an RBF network will affect the accuracy to a
greater extent, for the following reason. The misleading input has the effect of spreading the
data noisily along that feature axis, providing no useful information. However, the hidden-
layer kernel functions have their positions and widths set according to this data density, and
hence are more distributed than they should be, and this leads to a lower accuracy. Therefore
misleading features are likely to be removed first by the RBF method.

Hence the MLP is unsuitable for the feature selection task and the RBF network will be

used. The results are presented in Section 3.3.2.

3.3 Feature selection results

3.3.1 Bhattacharyya distance measure results

For some features, the Clear category in the Bankert database is sufficiently well separated
from the other cloud classes that it causes problems for the feature selection procedure. For
example, the run-length features are particularly good at separating Clear from all other
classes. This is because a Clear sample tends to be very uniformly dark, giving rise to long
run-lengths of the same pixel value. The cloud classes are much less uniform and it is rare
for a run-length of more than one or two. Therefore some cloud classes may not be well
separated from each other, but the individual cloud-clear distances are so large that the
run-length features are ranked highly even though they may not be good overall. The same
effect occurs for the visible fraction feature, the large mean-difference causing the first term
in Equation 3.1 to dominate.

Another peculiarity occurs when the variance of a feature for a particular class is much
smaller than that of all the other classes, so that the contribution from the second term

of the Bhattacharyya distance in Equation 3.1 is large. Hence the contributions to the
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overall separability C}, from pairs involving that class swamp all others, which may lead to
a poor choice for an overall feature. An example of this occurs for the distance between the
Nimbostratus and Cumulus classes for the infra-red long run emphasis feature.

Some illustrations of these effects can be given. Figure 3.3 shows the distribution of values
for the infra-red spectral mean feature for the Cirrostratus and Cumulus types. Applying the
Bhattacharyya method to this one feature, the contributions from the first (mean-difference)
term is 0.78 and from the second (variance-difference) term is 0.32, a total of 1.10.

Figure 3.4 separately shows the distributions for the infra-red long run emphasis feature
for classes Cirrocumulus and Stratocumulus. The first term contributes 0.05 and the second
2.08, a total of 2.13. This is almost double the value for the previous example, even though it
is clear from the histograms that the previous classes are easier to separate. This stems from
the fact that the second example has one class with a very small variance (Cirrocumulus
with a variance of 2 x 1075 compared with 0.04 for Stratocumulus), causing a very large
contribution from the second term. This effect occurs most frequently for the Clear category,
which often has a very narrow peak for some of the features.

These distributions should be compared with the distribution shown in Figure 3.5 for the
infra-red spectral mean feature for the Nimbostratus and Cumulus types. The two classes
are very well separated, with a Bhattacharyya distance of 10.15; the contribution from the
second term is only 0.08.

In order to overcome the difficulties highlighted above, the method was modified as follows.
Firstly, since the Clear category is sufficiently different from the other cloud categories, it
can be left out of the feature selection process. Secondly, because some covariances are so
small and distort the process, the average covariance matrix over all the classes will be used
instead (as described in the study by Welch [113]) so that 3; = £; = Z. This removes the

second term in Equation 3.1, leaving the following distance measure:

1

JB(i,7) = ‘S'(Nj - I-"i)Tz—l(l-"j — K;). (3.4)
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Figure 3.3: Distribution of the infra-red spectral mean feature for Cirrostratus and
Cumulus (dashed).
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Figure 3.4: Distribution of the infra-red long run emphasis feature for Cirrocumulus
(left) and Stratocumulus.
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Figure 3.5: Distribution of the infra-red spectral mean feature for Nimbostratus
(dashed) and Cumulus.
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Table 3.4: Twenty features chosen by Bhattacharyya and SFS for the Meteosat database.

Rank Channel

Feature

1 VIS
2 IR
3 IR
4 VIS
5 VIS
6 VIS
7 VIS
8 VIS
9 IR
10 IR
11 IR
12 VIS
13 IR
14 IR
15 VIS
16 VIS
17 VIS
18 VIS
19 IR
20 VIS

SADH Entropy

Spectral Maximum
Spectral Minimum

SADH Homogeneity
SADH Mean

GLDV Entropy

Run Percentages

SADH Cluster Shade
Run-length Distribution
GLDV Mean

GLDV Entropy

GLDV Mean

SADH Contrast

Spectral Range

Grey-level Distribution
Spectral Centre

Visible Fraction

GLDV Angular 2nd Moment
SADH Mean

SADH Standard Deviation

Table 3.5: Twenty features chosen by Bhattacharyya and SFS for the Bankert database.

Feature

Rank Channel
1 IR
2 VIS
3 IR
4 VIS
5 IR
6 IR
7 IR
8 VIS
9 VIS

10 VIS
11 IR
12 VIS
13 IR
14 IR
15 IR
16 IR
17 IR
18 IR
19 IR
20 VIS

Spectral Maximum

GLDYV Entropy

SADH Homogeneity

GLDV Standard Deviation
SADH Correlation

GLDV Entropy

Spectral Minimum

Spectral Maximum

Visible Fraction

SADH Contrast

Spectral Median

GLDV Cluster Shade

GLDV Angular 2nd Moment
Spectral Range

Run Percentages

GLDYV Cluster Shade

SADH Angular 2nd Moment
Spectral Standard Deviation
GLDV Mean

GLDV Angular 2nd Moment
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In fact, this is now equivalent to the Mahalanobis distance measure, with a scaling factor
of 1/8. Using this procedure with all 55 features and all the samples in both the Bankert
and Meteosat databases, the first twenty features chosen are shown in Tables 3.4 and 3.5
respectively. Discussion of the results will be deferred until Section 3.4 where comparison
will be made with the results from the RBF feature selection method presented in the next

section.

3.3.2 Radial basis function method results

The RBF feature selection method starts with all features present as inputs. This would
necessitate using a 55-dimensional input vector, which might cause problems due to the curse
of dimensionality [8]. It is therefore desirable to reduce manually the number of features before
using the algorithm. It is apparent that the GLDV and SADH statistics capture very similar
textural information, and indeed two of the measures (local homogeneity and contrast) are
identical. The initial features were therefore restricted to include either the GLDV set or
the SADH set. The SADH feature set includes one feature not named in the GLDV set,
correlation, and so this was added to the GLDV set for those trials.

Many of the spectral features are also very similar to each other. For instance, the
minimum, maximum, mean, median and range are all related. Therefore only the median
and range features were included in the initial set, since these provide sufficient information.
The standard deviation feature was shown to be unimportant l?y the Bhattacharyya tests.

As a result of this, a reduced set of 33 initial features was éssembled. An RBF network
with 200 hidden-layer kernels was used with one output for each class. The per-class heuristic
described in Section 2.3.2.1 was used to set the hidden-layer kernel positions and widths. As
explained in Section 3.2.2, it is desirable to set up the hidden-layer kernels as consistently
as possible for each run in the feature deletion process. This was achieved by applying the

scheme described below for the Meteosat dataset; the same method was also applied to the

Bankert dataset.
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Since the division between classes of the full dataset is unequal (see Section 1.4.2), a
balanced dataset was first created, with 120 samples selected at random from each class,
i.e. a total of 600 samples in this case. The balanced dataset was then divided into training
and test sets in the ratio 3:1. This procedure was performed three times, using three different
random allocations of the data points, to create three different partitions of the data into
training and test sets. Subsequently, the data within each of these sets were given five different
random orderings, creating a total of fifteen training and testing set pairs. The ordering of
points within these sets remained fixed throughout the remainder of the procedure for reasons
explained below.

For each training run, using the per-class heuristic, the 200 RBF centres were allocated
equally to the five output classes i.e. 40 per class. The positions of the kernels for each
class were set to the first 40 points in the training set belonging to that class. Therefore the
kernels were fixed on the same point in feature space (with varying features and dimensions)
for every training run, in accordance with the need described in Section 3.2.2 for consistent
kernel positions. The widths of the kernels were then set using Equation 2.40. For every
feature deletion, training and testing was carried out using all fifteen dataset partitions, so
that an average classification accuracy could be computed. The feature removal process was
continued until only two features remained in the feature vector. These last two features are
therefore of equal rank.

The results are shown in Figures 3.6 and 3.7 for the Meteosat and Bankert datasets
respectively. They are plots of the average classification accuracy achieved on the test sets
by the RBF, versus the number of features removed. The (a) and (b) plots show the results
for the SADH and GLDV features respectively, using all the output classes and balanced
datasets. The accuracy can be seen to rise slowly as features are initially removed, which
could be due to two effects. Firstly, features that contain little or no information introduce
noise in the input space. As these are removed, the accuracy of an RBF classifier will increase.

Secondly, the fact that the number of basis functions was fixed at 200 throughout will have
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Figure 3.6: Meteosat database. Average classification accuracy of an RBF network
with 200 kernel centres versus the number of inputs removed (from a total of 33).
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Table 3.6: Twenty features chosen by the RBF method for the Meteosat database and the
GLDYV features. The first two features are of equal ranking.

Rank Channel Feature
= IR Spectral Median
= VIS Spectral Median
3 VIS Run-length Distribution
4 IR GLDYV Contrast
5 VIS Spectral Range
6 IR Run-length Distribution
7 VIS SADH Correlation
8 VIS GLDYV Cluster Shade
9 IR Spectral Range
10 IR SADH Correlation
11 VIS GLDV Mean
12 VIS Long Run Emphasis
13 IR GLDYV Standard Deviation
14 IR Run Percentages
15 VIS GLDV Prominence
16 VIS GLDYV Standard Deviation
17 VIS GLDV Homogeneity
18 VIS Visible Fraction
19 IR GLDYV Entropy
20 VIS GLDV Entropy

Table 3.7: Twenty features chosen by the RBF method for the Bankert database and the
SADH features. The first two features are of equal ranking.

Feature

Rank Channel
= IR
1= VIS
3 VIS

4 IR
5 VIS
6 IR
7 VIS
8 VIS
9 IR
10 VIS
11 VIS
12 IR
13 VIS
14 VIS
15 IR
16 IR
17 IR
18 VIS
19 IR
20 IR

Spectral Median

SADH Entropy
Spectral Median
Run-length Distribution
SADH Contrast
Spectral Range

SADH Correlation
SADH Cluster Shade
SADH Mean

Visible Fraction

Spectral Range

SADH Entropy

SADH Prominence

SADH Homogeneity

SADH Correlation

SADH Standard Deviation
Short Run Emphasis

SADH Angular 2nd Moment
SADH Contrast

SADH Angular 2nd Moment
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an effect. There is expected to be an optimum ratio of the number of inputs to the number
of basis functions, and this is reflected in the shape of the plot. After approximately 20
features have been removed, the accuracy is dominated by the information content of the
input features, which is seen to fall off dramatically when there are eight, or fewer, features
left.

Other variations were also tried. The (c) plots were obtained using 8 x 8 pixel sample
boxes instead of 16 x 16, showing marginally lower accuracy. The benefit of using 8 X 8
sample boxes is the time saved when calculating the features. Using no Clear category (as
was done for the Bhattacharyya results), produces the results shown in the (d) plots. Using
all samples in the datasets (i.e. unbalanced datasets), results in the (e) plots which are similar
to the others but with a steeper fall-off.

For the Meteosat dataset, the best results were achieved using the GLDV features, shown
in Figure 3.6(b), reaching a maximum accuracy of 96.9% with 18 features. For the Bankert
dataset, the best results were achieved using the SADH features, shown in Figure 3.7(a),
reaching a maximum accuracy of 83.2% with 17 features. However, the curves are flat in
these regions so using more or fewer features will not have a great effect on the accuracy.
The feature rankings for these runs are shown in Tables 3.6 and 3.7. These rankings will be
used for the selection of the necessary number of features for all further work presented in

this thesis.

3.4 Conclusions

A comprehensive treatment of the feature extraction and selection process has been presented
in this chapter, and related to other research in the field. A new feature selection method
using an RBF network was used to rank the best twenty features for each image database.
The RBF network has been shown to be well suited to the task of feature selection, due
to the characteristics described in Section 3.2.2. A good mix of spectral and textural features

was selected by the RBF method; in particular it should be noted that the spectral median
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features for both channels were ranked highly for both datasets, since it is knowh that these
are important features [40]. For the Meteosat database the spectral median features were the

two left at the end, while for the Bankert database the visible spectral median feature was

the last to be removed.

The smoothness of the plots shown in Figures 3.6 and 3.7 are evidence of the properties
of the RBF (set out in Section 3.2.2) that make it suited to feature selection. The removal
of each feature vector in turn resulted in a small change in the accuracy in a consistent
direction, producing reasonably smooth curves. This is unlike the behaviour of the MLP
where the removal of a feature is less likely to affect the accuracy in a controlled manner. In
addition, the RBF method does not suffer from the deficiencies of the Bhattacharyya method
described in Section 3.3.1.

It is difficult to compare directly the results of the Bhattacharyya method and the RBF
method since some of the features chosen by the former method were not used in the initial
feature set of the latter method. It is also difficult to compare the results of the the two
databases for the RBF method for the same reason. However, it is apparent that the order
of the features chosen by each method varies considerably, which implies that the features
provide reasonably similar discriminatory information. The two spectral median features
stand out as being the most important, but only when in combination with the other textural
features as demonstrated by the severe fall in accuracy when few features are left.

The absolute accuracy values for the RBF network shown in this chapter should not be
compared with those in Chapter 5. For these feature selection results, there is to some extent
a bias towards the particular datasets used for the training runs, and the samples used to
initialize the hidden-layer kernel functions. Features were removed that would attempt to
maximize the accuracy for those datasets, and hence the accuracy is likely to be slightly

higher than for trials using the same features on different datasets.



Chapter 4

Visualization techniques

It is important for the design of any cloud classification system to gain a full understanding

of the dataset being used for the following reasons:

e To inform the choice of a suitable classifier.

o To help explain errors of the classifier in terms of class overlap in certain regions of

feature space.
e To identify anomalies in the dataset.

e To determine whether a more appropriate labelling of cloud type is possible by grouping

cloud types that are close in feature space [1].

It is therefore useful to have a visualization method to detect and identify structure in the
multi-dimensional feature space occupied by the feature vectors calculated from the cloud
samples (see Chapter 3). Humans are only able easily to visualize one-, two- or three-
dimensional structures. Hence what is needed is a dimensionality reduction method to project
the multi-dimensional space onto a two- or three-dimensional space, whilst preserving as much
of the structure that is present in the multi-dimensional space as is possible. This enables one
to see how various types of cloud are related to each other, how they are ordered in feature
space, and whether any significant clusters occur.

Three such methods are investigated: the Kohonen feature map, the Sammon mapping

and the Generative Topographic Mapping (GTM). All the methods use unsupervised training
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1. Select an initial random set of weight vectors, usually chosen such that each
element in the vector has a small value, for example in the range +0.1.

2. Select a training pattern x, and compute the Euclidean distance between
x and each weight vector w;; (i.e. |x — w;;|). The unit with the smallest
distance is the winning unit, denoted by wu,.

3. Adjust all units within a neighbourhood N of units surrounding u, accord-
ing to the following formula:

Awij = a(x - W,;j) {zj} eN
where « is the learning rate.

4. Reduce the neighbourhood size and learning rate by a pre-determined
amount. Return to 2 unless these two parameters have reached their final
values.

Figure 4.2: The Kohonen map training algorithm. Each unit in the competitive
layer, referred to as u;; where 7 and j represent the coordinates of the unit on the
two-dimensional grid, has a weight vector w;; of the same dimension as the input
layer size. Input vectors are denoted by x.

achieved through the Kohonen training algorithm shown in Figure 4.2. The neighbourhood
N referred to in Step 3 is a set of units surrounding the winning unit, of arbitrary shape
but usually approximately circular. Both o and the size of A are reduced slowly as training
progresses; the exact functional form for this is not important. At the start of training the
neighbourhood should be large (containing most of the units) and the learning rate high
(around 0.8), both decreasing to small valﬁes by the end of training. The training set is

usually presented more than once (see below).

4.1.1 Implementation details

The competitive layer used in the NetSat system is a square lattice of units and the neigh-
bourhood region A is radially symmetric. All units within a certain radius of the winning
unit (defined in terms of the distance between two adjacent lattice points) are included in
the neighbourhoo‘d. For example, Figure 4.1 shows shaded all those units within a radius of
one from the winning unit (in black). A radius of zero is just the winning unit itself.

Both « and the size of N are reduced after every pattern presentation, the decrease of
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both being linear with respect to the number of presentations, with a rate of decrease such
that a reaches zero after the required number of presentations. For the Bankert database
there is only a maximum of 1592 training samples, and Kohonen [53] suggests that the total
number of presentations should be at least 500 times the number of units in the competitive
layer. For a typical 10 x 10 grid, this means the entire training set has to be presented
approximately 30 times to satisfy this guideline.

It was found that a final radius of one resulted in slightly better-defined boundaries
between cloud classes, although the results were not highly sensitive to the choice. Training
at the end x&ith no neighbourhood is equivalent to the adaptive K-means algorithm where
each unit is altered with no influence on its neighbours, possibly destroying some of the

topological ordering.

4.2 The Sammon mapping

The Sammon mapping [97] is an algorithm to map N points from a high-dimensional space,
say D, to a lower-dimensional space, typically with two or three dimensions, whilst preserving
approximately the inherent structure of the data. This is achieved by fitting the N points into
the two-dimensional space such that the inter-point distances d;; approximate the inter-point
distances in the original D-dimensional space d;;. A gradient-descent approach is employed,
using the following error criterion:

1 (dij — 8ij)°

E?= =——
Dicibii iz
J 1<)

(4.1)

If element k of the i-th vector in two-dimensional space is denoted by y;x, then the following

update rule is employed after each presentatibn of a vector from D-space:

yir(m + 1) = yx(m) — (MF) - Aik(m) (4.2)
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where m is the iteration number and

Aig(m) OBm) /

_ 0’E(m)
~ Oyik(m)

Oyik(m)?

(4.3)

and MF is a learning rate factor which was empirically determined [97] to be about 0.3.

Further details can be found in Sammon’s original paper [97].

4.2.1 Implementation details

It is not realistic to use all the available input vectors to perform the Sammon mapping for
computational reasons [97]. A smaller set of prototype patterns are needed to represent the
training data. It would be possible to use the weight vectors from the competitive layer of
the trained Kohonen network. However this would not be ideal because Kohonen’s algorithm
is essentially an adaptive K-means clustering procedure (see below) with an additional con-
straint to cause topological ordering on a fixed two-dimensional grid. This additional spatial
constraint, when selecting prototype vectors for the Sammon algorithm, is counter-productive
because the Sammon algorithm is itself trying to produce a two-dimensional representation.

-Instead the non-stochastic batch version of the K-means algorithm, described in the next
section, is used to choose the prototype vectors to be mapped onto the two-dimensional

visualization space.

4.2.1.1 Batch K-means algorithm

The K-means algorithm [8] is an example of an iterative clustering algorithm which aims to
partition a set of vectors into K clusters, where K is chosen by the user. For a given value

of K, it aims to minimize the error function

K
By =) Y |lx-myf (4.4)

k=1 xeCy
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1. Select a set of K vectors {m;, mg, ... ,mg} to form the initial cluster
centres, or prototype vectors.

2. Assign each of the patterns x to its closest cluster centre.
i.e. x belongs to cluster C; if |x —m;| < |x —m;| forall 7 # j.

3. Compute new cluster centres as the centroids of the K clusters. This
minimizes the cost function E% defined in Equation 4.4.

4. If the position of any cluster centres changes, return to Step 2; otherwise,
stop.

Figure 4.3: The batch K-means algorithm. The initial set of centres chosen in
Step 1 may simply be K patterns chosen at random from the patterns in the dataset.
Different choices lead to different final clusterings corresponding to different local
minima.

where my, is the k-th cluster centre, or prototype vector, and x is a vector belonging to cluster
Ck. The algorithrﬁ proceeds as shown in Figure 4.3.

This is the batch version of the K-means algorithm. The adaptive version has already been
seen in the context of the Kohonen network, where vectors are presented one at a time and the
cluster centres are adjusted after every presentation using the update rule Am; = a(x—m;),
where « is the learning rate parameter and m; is the cluster centre nearest to the input

vector x.

4.2.2 Initialization of the Sammon vectors

It was found that the choice of initial points on the two-dimensional surface was important;
some starting configurations led to a high final error, while others quickly led to a good
solution. A purely random initialization led to poor performance. The original paper by
Sammon [97] suggests a crude form of principal components analysis [8], where the initial
_ configuration is found by using the two coordinates of the D-dimensional data having the
largest variance. This was found to give good convergence most of the time, but occasionally
one of the chosen coordinates had a high variance, but an unusual distribution, which made

it a bad choice. Such a case occurred when the coordinate had values that were repeated
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several times in the original data.

Instead, all possible pairs of coordinates of the D-dimensional vectors were used in turn
to form the initial two-dimensional data points with which to begin the procedure, and the
pair giving the lowest initial squared error E? (as in Equation 4.1) was chosen to continue the
process. This was found to give consistently good convergence to a low error. In addition,
10-20% noise was added to the elements of the initial two-dimensional vectors to add some
variation; otherwise the same data would always lead to to same final Sammon map.

The training procedure was stopped according to the following criteria:

e Passes through the training set must have reached at least 150.

e Either the error E is less than 0.04 or the change in error from the previous pass is less

than 0.00001 (error reducing).

e The maximum number of passes is set at 300.

These rules were obtained empirically for this work and will not necessarily be applicable
to other datasets. Precautions were taken to prevent any two points in the two-dimensional
space from becoming identical, for then the partial derivatives in Equation 4.3 would be
undefined. This was done by adding 10% noise to both elements of both points. Occasionally
two points would become very close, causing the error to rise sharply, but it would soon relax

down to a more stable value.

4.3 The Generative Topographic Mapping

Unlike the Sammon mapping, the Kohonen map does not have a cost function to minimize,
but this is addressed in a new algorithm called the Generative Topographic Mapping (GTM).
The derivation of Bishop et al [9, 10] is followed here.

Consider again a D-dimensional data space x, and an L-dimensional latent space y in
which the data is to be visualized (hence L is usually two or three). A mapping g(y; W)

is defined from latent space points y to corresponding points g(y; W) in data space, where
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W is the matrix of parameters governing the transform. If a probability distribution p(y)
is defined in the latent space, a corresponding distribution p(g | W) can be generated in
data space. Since L < D, p(g | W) would be confined to a lower-dimensional manifold
embedded in the higher-dimensional space, and hence would be singular. It is appropriate,
therefore, to introduce a noise model in the data space, so that a single point y in latent
space is mapped to a spherical Gaussian (the noise model) in data space centred on g(y; W)
and having variance 8~!. Hence the probability distribution p(x) of points in data space is

dependent on the distribution p(y) via the following conditional relationship:

D

p(x |y, W,B) = (%) " exp {—glx - g(y;W)Iz} : (4.5)
It is now possible to see more clearly how the mapping is used for visualization purposes.
When the mapping parameters W and @ have been optimized for the current dataset, as
described later, Equation 4.5 can be inverted using Bayes’ theorem to get p(y | x, W, )
(the posterior probabilities). This is a probability distribution in the low-dimensional latent
space for a corresponding data point x in high-dimensional space; each point in data space
is visualized vas a probability distribution in the lower-dimensional latent space.

The distribution in data space is given by integration over the latent distribution:

p(x | W, ) = / p(x |y, W, B)p(y)dy. (4.6)

It remains to define the probability distribution p(y) in the latent space. To make the integral
in Equation 4.6 tractable, reference to the Kohonen model is made by considering p(y) to

be composed of a set of K delta functions arranged on a uniform grid as with the Kohonen

map:

p(y) = % > iy -y (4.7)
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entire dataset, and maximizing this likelihood using the Expectation Maximization (EM)

algorithm [28]. For N data points x", define the following objective function which is to be

minimized:

N
LW,B) = [ p(x™ | W, ). (4.12)
n=1

Inserting the expression for p(x"™ | W, ) from Equation 4.8, this becomes

N 1 K .
=Zln{EZp(X"|y’,W,ﬂ)}- (4.13)
n=1 =1

Recalling Equations 4.5 and 4.11, and maximizing Equation 4.13 with respect to W, the

following is obtained [9]:

N K

YD Bin(W,B) {x" - Wo(y")} ¢" (¥* (4.14)

n=1 i=1

where Bayes’ theorem has been used to introduce the posterior probabilities, or responsibili-

ties, for the mixture components given, as they were in Equation 4.9, by

Rm(WaIB) =p(yi | Xn,W,ﬂ)

—_ p(xn'| yi,W,ﬂ) ]
EiI’{zlp(xn | yi,,W,ﬂ)

(4.15)

Similarly, maximizing with respect to 3,

1 N K
_=—522 Rin(W, 6) [x" — Web(y")[2. (4.16)

An iterative scheme, known as the Expectation Maximization (EM) method, is used to solve
for W and (3. Suppose that the current weight matrix is given by W°ld and the current value
of 8 is ,3°1d. These values are used to evaluate the responsibilities R;, for the current itera-

tion (the E-step). Subsequently, these estimates of Ri, are substituted into Equations 4.14
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and 4.16, which are then solved to give the new values of W™V and "V (the M-step). These
steps are repeated until stable values are reached. The EM method is described in detail in
Appendix C.

Equation 4.14 can be written in the following form:
@TSOIdQ(WneW)T — @TROIdX (417)

where @ is a K X M matrix with elements ®;; = ¢,(y*), X is an N x D matrix with elements

z}, R is a K X N matrix with elements R;,, and S is a K x K diagonal matrix with elements

N
Sii = Z Rin(W, ). (4.18)

n=1

Equation 4.17 is solved for W™V using standard matrix-inversion techniques. Note that ®

is constant throughout the algorithm, and so need only be evaluated once at the start.

4.4 Xohonen and Sammon results

4.4.1 Meteosat database

The first fifteen features from the RBF feature selection method shown in Table 3.6 were used
as inputs to the Kohonen and Sammon maps. Each feature vector was scaled to zero-mean
and unit variance prior to running the algorithms. For the Kohonen map, a 10 x 10 square
grid was chosen. The weights were initialized in the range +0.2. The initial learning rate was
0.8, with a neighbourhood radius of seven units. During 50 passes through the training set,
the neighbourhood radius was gradually reduced to one.

A balanced dataset was used for training, with equal numbers from each class represented.
It is not necessary to have a separate test set since the aim is not classification; rather it
is to visualize how the classes are related in feature space. After training, all samples are

again applied, this time making use of the class labels attached to them. The cumulative
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total of activations for each unit is recorded separately for each of the classes. Each unit is
then displayed in the colour of the dominant class for that unit. The dominant class is that
class which has activated the unit most in proportion to how many samples of that class were
presented to the network. For example, if 51 out of 100 presented Dynamic cloud samples
and 100 out of 200 presented Clear samples activate a particular unit, the more dominant
class of the two would be Dynamic cloud.

Figures 4.6(b) and 4.6(c) show the result of such a procedure, using the NetSat system. It
can be seen that each class has been mapped to a separate area of the grid, and there is very
good separation between the classes. Different starting weights and order of preséntation of
training points were used for each of the two runs, giving different two-dimensional projections
but preserving the relationships between classes. The two mappings are very consistent, being
almost mirror images of each other. The Clear Sea and Deep Convective classes have been
mapped to opposite corners of the grid, as might be expected since sea is relatively dark and
warm compared with bright, cold cumulonimbus cloud tops. The Clear Land class surrounds
the Clear Sea class.

Broadly speaking, it is apparent that the mapping of Figure 4.6(b) is ordered such that
the low (warm) classes are to the left of the map, and the classes with uniform texture in the
lower region. The Dynamic class incorporates both cirrus (high-level) and stratus (low-level)
and so has a projection from the right edge of the map which continues towards Shallow
Convection (low-level cumulus).'The clean boundaries between classes indicate that they are
well separated in feature space.

The Kohonen network was trained with a number of combinations of the following param-
eters: learning rate, initial and final neighbourhood radius, size of competitive layer, number
of inputs, initial random weight range and number of passes through the training set. The
final mapping was found not to be very sensitive to changes in these parameters, provided
they remained within the sensible ranges set out previously.

The batch K-means algorithm was used to produce 100 prototype vectors from the Me-






4.4 Kohonen and Sammon results 78

teosat database, and these were used as inputs to the Sammon mapping. Two different sets
of prototype vectors were generated and the resulting Sammon mappings are shown in Fig-
ures 4.6(d) and 4.6(e). As with the Kohonen maps, the plots are produced by presenting
all labelled samples after training and assigning each unit to the dominant class. For the
Sammon case, the “activated unit” is that which has the smallest Euclidean distance to the
presented vector. The position of each unit on the display is simply that given by the final
positions of the Sammon data points y;; of Equation 4.2.

It is evident that the projections of the class regions onto the Sammon maps are very
similar to those of the Kohonen maps. The main difference is that, without the constraint of
a square two-dimensional grid, the points corresponding to Clear Land and Sea tend to be
well separated spatially from the other classes, but close to each other. This might indicate
that in classification tests (see Chapter 5) there will be more difficulty in separating Clear
Land from Clear Sea, but not Clear Land or Sea from the rest. There is also a gap between
the Land/Sea classes and the others. The Dynamic class appears to be divided into two
regions in Figure 4.6(d). This is probably due to the fact that cirrus tends to be high and
cold, with a similar profile to cumulonimbus, whereas stratus, also a dynamic cloud, is lower
and therefore closer to the lower-level classes. In addition, evidence from the Bankert results
in the next section suggests that many cirrus samples have a profile that is contaminated by
infra-red radiation from the warmer surface below it. Again, the ordering is quite consistent,

Figure 4.6(d) being almost a mirror image of Figure 4.6(e).

4.4.2 Bankert database

Figure 4.7 shows the results for the Bankert dataset, using, as before, the first fifteen features
from the RBF feature selection method shown in Table 3.7 and balanced datasets. The same
training procedures were employed as before, the Kohonen maps being shown in Figures 4.7(b)
and 4.7(c), and the Sammon maps in Figures 4.7(d) and 4.7(e).

It is apparent that the classes are not as well separated as the Meteosat classes, with the
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Stratocumulus and Altostratus classes in particular not being confined to a particular region.
The Sea category is again placed in the opposite corner to the Cumulonimbus category, and
for Figure 4.7(b) the ordering on the map is approximately as follows: low classes to the left
and smoothly-textured classes to the top. An obvious exception is Cirrus, which is a high
cloud, but which has been placed next to the low clouds. This is probably due to the fact
that cirrus is a thin cloud and infra-red radiation from the warm surface below it penetrates
the cloud and contaminates the radiation from the cloud itself. Thus areas containing cirrus
cloud may appear to be warmer than they actually are}.

A comparison can be made with the Kohonen maps from the Meteosat database. Rotating
Figure 4.7(c) through 90° anticlockwise and comparing it to Figure 4.6(c), it is apparent that
there is broad agreement between the two orderings. Deep Convective cloud is mapped
to the upper-left corner (Cumulonimbus), Shallow Convective cloud to to the upper right
(Cumulus), Clear Sea to the lower right (Clear), and Dynamic cloud to the lower left (Stratus,
Cirrostratus, Altostratus).

The two Kohonen maps from the Bankert database are also consistent with each other,
with Figure 4.7(b) being almost a rotated version of Figure 4.7(c). The structure of the
classes in-feature space revealed from the Kohonen and Sammon plots is very similar to that

revealed by the GTM results in Section 4.5.2, and further discussion is deferred until then.

4.5 GTM results

4.5.1 Meteosat database

For training the GTM, the first six features from Table 3.6 were used, compared with fifteen
for the Kohonen map. Fewer inputs was found to give a more consistent ordering on the
final mapping for the GTM. All (unlabelled) samples were used, with 144 latent space points
arranged on a 12 x 12 grid, and 25 basis functions arranged on a 5 x 5 grid with standard
deviations equal to the distance between basis function centres. The labelled samples were

then presented again for visualization purposes. Each point produces a posterior distribution
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on the grid points. Figure 4.8(b) shows the centres of gravity of the distribution for each
sample, coloured according to class. The mean posterior for each grid point over all the
samples is plotted in Figure 4.8(c). This is formed by summing the posterior contribution
to each grid point for every sample, and dividing by the number of samples. Thié is done
separately for each cloud class, which are shown in differently-coloured circles with radius in
proportion to the mean for that grid point.

A very similar ordering to the Kohonen maps is apparent. The Clear Land class surrounds
the Clear Sea class, as it did for the Kohonen maps of Figures 4.6(b) and 4.6(c), and the
grouping together of these two categories away from the others is like that of the Sammon
plots of Figures 4.6(d) and 4.6(e). Clear Sea is also mapped to the opposite side of the map
to Deep Convection. If the GTM map of Figure 4.8(c) is rotated through 180°, it is extremely
similar to the Sammon map of Figure 4.6(e).

Since each point can be seen individually in Figure 4.8(b), a small amount of contamina-
tion of each class within the neighbouring class is apparent, and the Dynamic class is split in
a similar fashion to that seen in the Sammon plot of Figure 4.6(d). Overall, very good class
separation is again apparent, even with fewer input features. This indicates that six features
is enough to provide good discrimination. The results of the RBF feature selection method
from Section 3.3.2 also showed that the RBF a,ccuracy dropped only slowly as features were

removed.

4.5.2 Bankert database

The first six features from the RBF feature selection method shown in Table 3.7 were used as
before. All samples were used, with 225 latent space points arranged on a 15 x 15 grid, and
95 basis functions arranged on a 5 x 5 grid with standard deviations equal to the distance
between basis fuﬁction centres. The results are shown in Figure 4.9. Details using the same
mapping, but displaying fewer classes on each plot, are shown in Figures 4.10 and 4.11.

The Clear class forms a reasonably tight cluster which is well separated from other classes.
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This is more easily seen in Figures 4.10(a) and 4.11(c). A high accuracy is expected for the
classification tests in Chapter 5 for this class. Figure 4.10(a) also shows that Cirrocumulus
and Nimbostratus are quite close together, but reasonably well separated.

The Stratocumulus samples tend to be well spread in feature space, covering the area
ranging from the reasonably well-defined Stratus cluster to that of Cumulus, as shown in
Figure 4.10(b). This is a manifestation of the fact that stratocumulus shares characteristics
of both stratus and cumulus, to varying degrees. All three are low-level cloud types, so the
main distinguishing feature is the texture apparent in the visible image. The ordering is
approximately Cumulus-Stratocumulus-Stratus with increasing smoothness of texture, and
this is shown in the ordering on the GTM plot. Since Stratocumulus is spread across the
map, it is expected that there will be some confusion between it and other classes.

Closer inspection of the Cirrus distribution reveals the effect described previously with
regard to the thin nature of the cloud. There is a main cluster in the lower half of Fig-
ure 4.10(c), but a significant proportion of Cirrus samples are also mapped to a separate
cluster associated more with the Cirrostratus class, in an area associated with high cloud
types. There is significant mixing of these two classes, which may be difficult to separate in
classification tests. Figure 4.10(d) shows that Cirrocumulus and Cumulonimbus should be
easily separated.

The Cirrostratus-Nimbostratus-Cumulonimbus triplet of Figure 4.11(a) shows the three
classes close in feature space, with reasonable separation but with some mixing between all
three at the boundaries. Hence some misclassifications are expected between these three
classes. Although there is some mixing of the Cirrus and Cumulonimbus classes, shown in
Figure 4.11(b), most of the Cirrus lies in an area well away from that of Cumulonimbus.

Like the Clear class, Cumulus forms quite a well-defined cluster, shown in Figure 4.11(c),
although there is a small separated cluster which will cause some misclassifications. In addi-
tion, there is significant contamination from the Stratocumulus class, shown in Figure 4.10(b);

hence the Cumulus classification accuracy may not be as good as the cluster definition sug-
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gests. Finally, the Altostratus class is seen to been very indistinct and activates a wide area

of the GTM, shown in Figure 4.11(d), not forming a distinct cluster in feature space.

4.6 Conclusions

It is vital to understand the structure of the dataset before employing any classification
system. Three visualization methods have been presented which project the high-dimensional
feature vectors onto a two-dimensional plane, allowing a visual inspection of the structure of
the data. Although each of the methods make different assumptions in order to create the
mapping from the feature space to the visualization space, they produced very consistent two-
dimensional orderings. This provides confidence in both the feature sets and the conclusions
that may be drawn from the results.

The Generétive Topographic Mapping is a very recently-developed technique, and hence
there have been very few applications of it so far to real-world data. Some of the advantages
of the GTM algorithm over the Kohonen map were discussed by Bishop et al [9]. The key
advantage stated was that there is a well-defined objective function to be minimized in the
GTM algorithm. The Kohonen algorithm requires arbitrary choices for the learning rate
and neighbourhood parameters to control the smoothness of the mapping. The results of
this chapter also show that there are a number of practical advantages in the way that the
GTM latent space information can be displayed, compared with the Kohonen and Sammon
mappings. For every data point x there is a posterior distribution p(y | x, W, 3) defined on
the latent space. This posterior distribution can be displayed in different ways, including the
two used here.

Firstly, the position of the mean of the posterior distribution in latent space (the centre of
gravity) can be calculated for each sample in the dataset. This allows a one-to-one mapping
from a point in data space to a point in latent space, rather than a many-to-one mapping
for the Kohonen and Sammon mappings. The centres of gravity are not restricted to lie

on the grid points, and in this way the GTM is similar to the Sammon mapping where the
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prototype vectors are free to occupy any point on the plane. An example of this was found
when comparing the Sammon plot of Figure 4.6(d) with the GTM plot of Figure 4.8(b). This
one-to-one mapping of the GTM algorithm allows each point in the dataset to be visualized
separately, or all at once. In this way, the GTM method provides a much clearer view of the
overlap of cloud classes in the Bankert database, as demonstrated by the plots of Figure 4.10.

Secondly, each data point produces a posterior probability for each GTM latent space
node, and these posterior probabilities can be summed over all data points. This produces
results like those of Figure 4.9(c) and those in Figure 4.11. This method of display is very
similar to that produced by the Kohonen map. An even closer link could be made if, for each
presented sample, a winning node were seiected as it is for the Kohonen map; the winning
node would be the latent space point with the highest posterior probability for that sample
(the mode of the distribution).

Therefore the recently-developed GTM technique has been shown to have several ad-
vantages over the Kohonen and Sammon maps, although all three techniques have provided
consistent mappings allowing a good visual analysis of how the the Bankert and Meteosat
samples are arranged in feature space. For the Meteosat database, it is clear that the classes
are reasonably distinct and separate in feature space, while for the Bankert databése there
is some overlap between classes. This is probably due to the fact that the Bankert classes
are more narrowly-defined than the Meteosat classes. For the GTM results, only the best
six features from the RBF feature selection method of Chapter 3 were used, compared with
fifteen for the Kohonen and Sammon results. These six features appeared to contain suffi-
cient information to produce good results, which provides validation of the feature selection
method employed.

The visualization results presented in this chapter will be invaluable for the full interpre-
tation of the classification results to be presented in Chapter 5, and will be considered again

in the light of the results of that chapter.



Chapter 5

Classification tests

Section 1.4 introduced the image databases used for this study, a collection of 458 visible and
infra-red pairs. It also described the expertly-labelled samples in each database. Chapter 2
set out the theory of the neural network classifiers employed for this study, and Chapter 3 gave
a thorough description of the pre-processing and feature extraction that must occur in any
classification system. Finally, Chapter 4 presented three methods for visualizing the available
data in multi-dimensional feature space, and these provided a degree of understanding of the
amount of overlap between the different classes of the Meteosat and Bankert databases.
Classification techniques can now be applied to both databases. The method of linear
discriminants, described in Section 2.1.1.1, is firstly used to establish benchmark classification
resulté against which the performance of the MLP and RBF neural networks can be evaluated.
The main discussion of the results will be deferred until Section 5.5 in which the results from
all three methods are compared and contrasted, and assessed in the light of the visualization
results of Chapter 4. This chapter starts, however, with an overview of previous work in

automated cloud classification, using both classical and neural techniques.
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5.1 Overview of previous work

A number of studies that have used satellite imagery to detect and classify clouds have been
reported in the literature and it is the aim of this section to provide an overview of past
research in this area. For the purpose of this survey, the research has been divided into two
broad categories: general methods, described in Section 5.1.1 and neural methods, described
in Section 5.1.2. An independent review of the pattern recognition techniques that had
been applied to satellite image interpretation and cloud identification until around 1994 was

conducted by Pankiewicz [71, 73].

5.1.1 General classification work

Much of the early work in this field is described in Parikh [79], which covers the period from
about 1970 to 1976. The author’s aim was to assess the value of different spectral and textural
features for classifying clouds using coarse cells. Comparisons were also made between single-
step classifiers and hierarchical “decision-tree” classifiers. The study concluded that the best
results were obtained using the spectral features only, in a single-stage maximum likelihood
classifier, and that textural features provided little benefit. More recent evidence, described
later, tends to the opposite conclusion. Harris and Barrett [45] used the crude textural
features of the standard deviation of a 5 X 5 box of pixels and a measurement of vector
dispersion (a measure of surface roughness) to achieve accuracies of 73% for a four-class
problem (Stratiform, Cumuliform, Strato-cumuliform and Clear).
. An important classification task is that of segmenting the image into cloudy and clear
pixels. Rossow et al [93] summarized early work in this area, and compare a number of the
methods which include straight thresholding, with or without radiative transfer theory, and
cluster analysis.
In a 1982 paper, Desbois et al [29] used an unsupervised clustering technique called
the “dynamic cluster method”. It is similar to the batch K-means algorithm described in

Section 4.2.1.1, with the added step of removing a cluster should its population fall below
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a certain number. Significantly, no textural information was used, the sole inputs being the
infra-red and visible spectral values and the water-vapour channel value on a pixel-by-pixel
basis. The method generally led to 5 or 6 clusters, which corresponded to broad cloud classes
such as “convective” and “low”.

Related clustering studies include that by Pairman and Kittler [70], in which a similar
method to Desbois et al [29] was used, but which included the covariance of each cluster in
the calculations. This improved the separability for clusters with widely-differing covariances,
and was found to improve the detection rate for water with sun-glint and sub-pixel cumulus.
Seddon et al [100] used a clustering algorithm that allowed both addition and removal of
clusters, and the clustered image gave good visual correlation with the original image.

Parallel to this research, the use of context as an aid to classification was being investi-
gated. The papers by Kittler and Foglein [51] and Kittler and Pairman [52] provide a good
summary of this work. The latter study made use of a Bayesian maximum likelihood classifier,
with additional models needed to estimate the class-conditional probabilities, most notably
the Gaussian model and a Markov Random Field (MRF) model [37] (see Section 6.2.1). For
each pixel, spectral values and class labels of neighbouring pixels were incorporated into the
feature vector. This use of context avoids the noise generally associated with single-pixel
classification and is considered further in Chapters 6 and 7.

Garand [35] used 13 physical features for his 1988 paper. These included “cloud fraction”,
“streakiness factor” and “cloud height”. Hence some morphological (rather than strictly
textural) and physical information was incorporated into the features. A Gaussian maximum
likelihood classifier, 20 cloud classes, and a coarse grid method were used. In order to evaluate
the results, three human experts were used independently to classify the samples used. All
three experts agreed with the automated classification for 55% of the samples, but this figure
rose to 79% for a “consensus” opinion with at least two agreeing. This shows the subjective
nature of cloud classification and how it is a non-trivial problem even for human experts.

By the mid to late 1980’s, textural features were being seen as having an important
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part to play in cloud classification algorithms. In 1987, Ebert [33] considered 36 textural
features (including GLDV statistics and Fourier descriptors) as well as 30 spectral features
calculated for each coarse grid sample. After feature reduction, eight features were chosen for
the Bayesian maximum likelihood classifier (Gaussian model), three of which were textural
features. Accuracies of 84% were reported for an 18-class dataset. As for Garand [35], this
was the consensus opinion of three experts. Again the subjective nature of the problem is
demonstrated by the fact that of the samples classified by the three experts, only 45% had
all three experts in agreement on its class.

After the Desbois et al paper [29] of 1982, two of the authors continued the study [105]
by adding a crude textural measure to improve cluster definition, this being the standard
deviation of the nine pixels in a 3 X 3 box around each pixel.

Welch et al [112] and Chen et al [21] investigated the use of GLCM ([81, 107], GLDV and
SADH features for texture description, using a range of pixel separations in the algorithm.
Landsat images (see Appendix A) were used with three classified cloud classes (Cumulus,
Stratocumulus and Cirrus). Using a Gaussian maximum likelihood classifier with the GLCM
descriptors, they achieved classification accuracies of 83-85% using random sub-region hold-
out, whereby individual samples are held out for testing, and 92-95% for random scene
hold-out, for which a whole image is held out for testing. The GLDV and SADH features
were found to give similar accuracies to those for the GLCM features, but with substantial
savings in computing time and storage.

Textural features were also an important part of the 1990 study by Key [49]. A combina-
tion of grid and pixel-by-pixel methods was used, whereby a 16 x 16 pixel grid was moved
across the image two pixels at a time and an average value of each feature assigned to each
pixel. Again a Gaussian maximum likelihood classifier was used, and an accuracy of 68% was

claimed for one of the test images.
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5.1.2 Neural network research

At around the same time as the Key study [49] at the end of Section 5.1.1, neural network
techniques began to be applied to cloud classification problems. The 1989 study of Key et
al [50] used an MLP trained on the spectral values of AVHRR data, as well as the values
of two channels of a satellite-borne microwave radiometer. An accuracy of only 53% was
recorded, for eight cloud and four land types. This was probably due to a very small dataset
consisting only of 1% of one image. When 9% of the image was used with a maximum
likelihood classifier, an 85% accuracy was achieved, but this dataset was not applied to the
MLP, the latter being used mainly for weight interpretation in order to gain some insight as
to which spectral channels were used to distinguish between classes.

Lee et al [57] also used an MLP to classify 512 x 512 pixel (29 x 29 km) boxes into one
of only three cloud types with an accuracy of 93%. Considering that only the visible channel
was used, this represents a very good accuracy. In addition, the fact that only visible textural
features were used added to the weight of evidence in favour of the use of textural features.
This study used the same Landsat images and classes as Welch et al [112] and Chen et al [21]
described above, so an interesting comparison can be made.

In 1992, Welch et al [113] used both an MLP trained with the back-propagation algorithm
and Specht’s probabilistic neural network [108, 113], ten cloud/ice classes and 64 x 64 pixel
(70 x 70 km) regions. The probabilistic neural network is essentially a non-parametric density
estimator similar to that described in Section 2.1.1.2. Twenty spectral and textural features
were selected from a total of over 200, giving overall accuracies of 88% and 87% respectively
for the two neural approaches.

In 1993, Tovinkere et al [109] applied a variety of artificial intelligence techniques to the
problem of distinguishing a number of cloud types and ice in polar regions. The techniques
used were (1) an MLP; (2) Specht’s probabilistic neural network; (3) a hybrid neural network;
(4) a “don’t care” perceptron model; (4) a “don’t care” MLP model; and (6) a fuzzy logic

based expert system. The hybrid model consisted of an unsupervised Kohonen-like layer
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preceding an MLP layer. For the “don’t care” models, each output was designed to distinguish
between two specific classes, rather than between one class and all the rest, so that there were
m(m — 1) /2 outputs for m classes. The decision surface (see Section 2.2.3) from each output
therefore separates those two classes but may cut through others. The poorest performer was
the hybrid network, with 86% accuracy, while the “don’t care” MLP model was best with
98.7% accuracy. The excellent performance was partly attributed to the use of very pure
training and testing samples. However, for a comparison, further tests were carried out using
the same dataset as was used for the study by Welch et al [113]. An accuracy of 92% was
reported for the “don’t care” MLP model, 4% higher than for a standard MLP.

A similar study to that by Welch et al [113] was carried out by Bankert [5], who also used
a probabilistic neural network, but the ten output classes were nine cloud types plus “clear”,
all samples l;eing taken over maritime regions. Fifteen spectral and textural features gave an
accuracy of 79.8% using the leave-one-out method. A 2-level 4-network system was designed
in an attempt to improve accuracy. Eight of the original ten classes were grouped into three
broad categories, the final two classes remaining distinct. The first layer classified samples
into one of the five classes, and the three networks in the second layer sub-classified each of
the three grouped categories back into their original classes. Accuracy was found to be 81%,
very similar to the single-layer method, but the accuracy produced by the first layer (broad
classification) was 91%. Note that this is one of datasets investigated in this thesis, which
is described in Section 1.4.1. A further study by Bankert and Aha [6] considered a different
selection of features, reporting a leave-one-out accuracy of 86.8%.

Other applications using neural networks include work by Peak and Tag [82, 83] whose
ultimate aim is the recognition of synoptic-scale features such as cyclones, jet streams and
frontal systems, as opposed to the recognition of the basic cloud types making up such
synoptic features. The 1992 paper [82] required a human to identify the synoptic shapes,
and an MLP was used to classify the shapes using input features such as the spatial extent

and amount of high and low cloud. An accuracy of 83% was reported. They proposed
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a method for automatic segmentation based on a bottom-up approach whereby individual
pixels are first classified into cloud types, and then a segmentation technique is used to
identify specific synoptic features. The authors of the 1994 paper [83] suggested essentially a
top-down approach where the image is segmented first according to large-scale features and
then subsequently each region is analysed in more detail. Only the segmentation process was
described, and it was based on a neural network used in a hierarchical threshold method.
These papers are considered g,gain in Chapter 7.

Segmentation is also dealt with by Yhann et al [117] who used an MLP for essentially a
two-class problem, that of determining whether a pixel is cloud or ocean. The study included
both day-time and night-time (i.e. no visible data) investigations, leading to accuracies of
84% and 92% respectively.

Pankiewicz [72] used an MLP and nine simple spectral features, using the same dataset
as was used in the Bankert study [5]. The aim was to train the MLP on AVHRR data and to
subsequently apply this trained network to Meteosat data in order to look at the degradation
in classification accuracy resulting from using slightly different spectral channels and lower
resolution. The ten classes were grouped into four broader categories: Clear, Shallow and
Deep Convective, and Dynamic. Accuracy on the AVHRR dataset was 76%, and the same
network weights achieved an accuracy of 68% on the Meteosat samples.

A further study by Pankiewicz [74] used the same Meteosat database as the one used
in this thesis, previously described in Section 1.4.2. The aim of the study was to identify
regions of convective activity for use as part of the flood forecasting system designed by the
UK Meteorological Office (see Section 1.3). The two clear categories were combined into one,
and seven spectral and two temporal features were used as inputs to an MLP. No textural
features were used in order to save processing time. An accuracy of 80.8% was achieved.
In a related study [76], Pankiewicz used a two-stage process in order to introduce a scale-
dependent aspect. The class output of a fast, simple spectral-feature MLP was used to choose

the size of the textural mask for the calculation of just two textural features for a fast, second



5.2 Linear discriminant tests 96

MLP. In this way the accuracy was improved to 83.5%. The emphasis of these studies was
to produce robust classifiers able to perform throughout the year and during local daylight

in an operational environment; the test results reflected this requirement.

5.1.3 Overview

It is impossible to make a direct comparison between all the studies presented in this section.
Many different databases have been used, each with different numbers of classes and different
labelling schemes, resulting in a wide range of reported accuracies. A common conclusion,
with the notable exception of Parikh [79], is that textural features are very important in com-
bination with the spectral features. Also apparent is the increasing use of neural techniques
in recent years applied to cloud-type identification.

The set of studies that can be used as a benchmark against which to compare the results
of this thesis are those by Bankert [5, 6] and Pankiewicz [72, 76, 77], since they use the same
databases and similar features to those used for this thesis. They will be considered again in

Section 5.6.

5.2 Linear discriminant tests

The linear discriminant method set out in Section 2.1.1.1 will be used as a benchmark against
which the non-linear neural network methods can be compared. The class-conditional prob-
ability densities p(x | C;) for each class are modelled by a multivariate Gaussian function,
with 3; and p; being the covariance matrix and mean vector for the data points in class i.

In the case of linear discriminants, the average covariance matrix ¥ for all classes is used,

that is:

3= —(1-;- ; 3 (5.1)
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where C is the number of classes. Therefore it is assumed that the correlation between
features is the same for all classes. A test feature vector x is then assigned to the class with
the greatest g;(x) given by Equation 2.9 [8].

All samples in the Meteosat and Bankert datasets were used, 70% being used to calculate
the model parameters, and the remaining 30% set aside for testing. The feature vectors
were composed of the first fifteen features from the RBF feature selection method shown
in Tables 3.6 and 3.7, and all the output categories were included. Using fifteen random
allocations of data points to the training and test sets, the average accuracy achieved for the
Meteosat test sets was 85.0%, with a standard deviation of 0.8%, while for the Bankert test

sets it was 64% with a standard deviation of 1%. The average confusion matrices are shown

in Tables 5.1 and 5.4 (on Pages 101 and 102).

5.3 MLP classification tests

In order to train and then evaluate the performance of the MLP, the Meteosat and Bankert
datasets were divided into three parts: the training set, the validation set, and the test set.
The validation set is used not for weight modification but to decide when to stop training,
as explained below.

Each feature vector must be scaled so that every component of <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>