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ABSTRACT

The Application of Remote Sensing in Open Moorland Soil Erosion

Studies : a Case Study of Glaisdale Moor, Northern England.

The potential of remote sensing in upland soil erosion studies has
been examined on Glaisdale Moor, North Yorkshire Moors. The study
considers four different remote sensing sources, viz. sequential air
photographs, ground radiometry, Landsat Thematic Mapper (TM) and SPOT
simulation. Sequential air photographs have been interpreted in order
to elucidate the land use/land cover changes and the drainage
development and associated erosion problems in the region. A series of
statistical analyses were employed in an effort to establish the
relationships between the different spectral variables and the
soil/ground variables. Attempts have also been made to evaluate the
spectral separability performance of the Ground radiometer, the Landsat
TM and the SPOT simulation wave bands. The Landsat TM and the SPOT
simulation imagery have been further analysed in order to gather
information about the best band and band combinations that would be
required to optimize the discrimination of moorland surface types
including eroded areas. Digital image processing of the Landsat TM and
the SPOT simulation subscene for Glaisdale Moor was performed using the

DIAD image processing system.

The land use/land cover classification information derived from the
air photographs, the Landsat TM and the SPOT simulation, has been used
as an input into a soil loss prediction model (USLE) to predict the soil
erosion rate of the study area. Of the various remote sensing systems

used, air photographs and TM data proved the most useful in this area.
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1. Introduction

The archaeological evidence for Britain (Smith 1975, Bell 1981)
suggest that soil erosion has been taking place since the clearance of
land for agriculture in the Bronze Age. At present the problem of soil
erosion in Britain is viewed as a localized phenomenon (Wilson & Cooke
1980, Morgan 1981) and because of its humid temperate environments soil
erosion is generally believed milder. However, instances of severe
erosion in Britain have been reported by Douglas (1970), Evans (1971)
and Morgan (1978, 1985). Most importantly, there is increasing
evidence of soil erosion in upland Britain, particularly in association
with sheep grazing (Evans 1977) and recreation (Bayfield 1971, 1973,
and Coleman 1977).

Traditionally, the uplands of Britain, such as the Peak district,
North Yorkshire Hills are used as a grazing land. A considerable part
of these grazing lands are open moorland, consisting of a peaty
subsurface. It is estimated that more than one million hectares (10 000
km2) of the land surface of Britain is peat covered (Taylor 1983) and

much of this peat covered area is in the uplands.

These peat covered uplands are facing a severe erosion problem,
particularly in the areas such as the Peak district (Anderson & Tallis
1981, . Evans 1977, Phillips et al 1981, Shimwell 1981 & Tallis
1973), the North Yorkshire Moors (Imeson 1971), and the Clwyd Range
(Baker et al 1979).

At the early and middle of this century, the intensity of peat

erosion of upland Britain was reported in a series of ecological



investigations, for example : Moss (1904, 1913), Pearsall (1941) and
Osvald (1949). In the last few decades, however, a considerable
research effort was directed towards the understanding of the
morphological features exhibited by eroding peats (Johnson 1957, Bower
1960, Radley 1962), and to examine the possible causes of their erosion
(Bower 1962, Radley 1962, Barnes 1963, Johnson & Dunham 1963 and Tallis
1964). In most of the peat erosion research of the last two decades,
the problem was approached in three different ways : pollen and
stratigraphic studies of peat profiles, to try and deduce the time of
onset of peat erosion (Tallis 1965, Bostock 1980); detailed monitoring
of rates of peat erosion (Crisp 1966, Imeson 1971, Tallis 1973, 1981)
and studies of the hydrological properties of blanket peat and of the
action of environmental factors on it (Chapman 1965, Ingram 1967, Crisp

& Robson 1979, Burt & Gardiner 1981).

The factors attributed for the peat erosion are considered to be
human induced, such as overgrazing and fire caused by poor management,
The erosion problems, therefore, are very much related with the

managements of the uplands.

1.1 Upland management problem

Although the physical, ecological and economic significance of the
uplands, particularly the moorlands are recognised (for example : North
York Moors National Park Plan Report 1984-85), their management,
specifically, the way the moorlands should be used are not in common
agreement, The management of moorlands are thus facing varying levels
of conflict. At one level the conflict remains among those who wish to

use the uplands for outdoor recreation and others who want to hold it



as a nature protection (Simmons 1974, 1976). The uplands, including
the moors, are viewed as environmentally fragile in which the impact of
outdoor recreation, whether in a small nature reserve or in an extreme
wilderness, varies from entire devastation to partial and gradual
eradication of flora and fauna and subsequent destabilization of the
surface areas depending on the ability of the nature-protection areas
to cope with recreationists and relative fragility of the concerned
ecosystem (Simmons 1979). At the other level, the conflicts are with
those who wish to convert the upland into an agriculture or to forest
land and those who want to conserve the moorlands to see with its
traditional heather moors. The conservationists argue that the
conversion of moorlands into agricultural landscapes reduces its
ecological value, destroys archaeological interest and removes most of
its recreational potential. Opposingly, the continued existence of
moors are, however, viewed as a menace considering its extreme
vulnerability to erosion and degradation which results from lack of

proper management (North York Moor National Park Report 1984-85).

Because of economic problems, the moorlands were not properly
managed in the past. For instance, in the North Yorkshire Moors, over
the past 50 years, economic and social changes have resulted in
decreased management activity on the one hand and increased
recreational activity on the other. Reduced labour forces and
increasing costs mean that land owners and flock masters cannot deal
with large tracts of vegetation in the traditional ways. Heather is
not burnt regularly which gives rise to very old plants with a high
fire risk; bracken encroachment with its adverse effects on the
economic, scenic and ecological value of the land is increasing by
approximately 120 hectares a year (North York Moors National Park

Report 1984-85).



The North York Moor National Park Authority have critically

appraised the problems of their moors. The interesting facts of these

appraisals are as follows:-

1)

2)

3)

5)

6)

To maintain the heather moors, a regular burning cycle appropriate

to the Tocal conditions is essential.

In order to maintain the stability of the moorland ecosystem
(Chorley and Kennedy 1971) controlled burning is required, so that

the 1itter/humus Tayer of the soil does not ignite.

Where deep peat has been exposed after uncontrolled fire the area
suffered serious surface loss for several years and vegetation
recolonisation is extremely slow or non-existent without surface

treatment.

Large scale field trials have shown that trees can stabilise the

badly eroded sites at certain altitudes.

Where mineral soils or ashed peat areas have been exposed, there
is often a severe surface instability problem. Such sites may act

as foci for loss of soils from large areas.

Recreational use, particularly on heavily used footpaths, can
establish centres of erosion on shallow peat or mineral soil and

can cause impaction and dessication on deep peats.

In the core moorland areas, which have been badly damaged by fire,

there is an urgent need to consider diversion, or temporary



closure of the Lyke Wake Walk if permanent damage to deep blanket

peats is to be avoided.

8) 55 per cent of the total moorland area is now overage and a high

accidental fire risk.

9) Restoration of large areas of burnt and eroded moorland can only
be achieved by large scale exclusion of sheep and other grazing
animals, together with a programme of seeding and planting

techniques.

In order to give maximum protection to the moorlands and to
encourage good management practice, the North York Moor National Park
Committee has drawn up a comprehensive policy. One of the most
priority sections of this policy is to use its resources to encourage

steps to :

1)  prevent further erosion and degradation;

2) re-instate badly damaged areas of moorland.

In 1line with this National Park effort, rapid methods of
pinpointing areas undergoing erosion and degradation would be valuable.

The problem has two related aspects to consider :

a) the changes in the moors needs to be detected and monitored at

regular intervals;

b) to assess the erosion rates involved with the surface cover

changes.



There are two possible methods that could be utilized, together or
separately, to solve the problems as mentioned above : either regular
field surveying and/or remote sensing. The first involves in situ
field measurements, while the second, gathers data from a distance
without coming into physical contact with the objects (Lo 1986). The
main aspect in the latter case is that it measures variations in
electromagnetic energy that may reveal spectral, spatial and temporal
variations in an area (Landgrebe 1976). The logic of remote
measurement in change detection is that if there was any change in the

landscape, it would be reflected in the electromagnetic energy.

The suitability of either method needs to be carefully considered.
The moorland erosions are a nonpoint or area-wide problem in which
eroded materials are removed from an extensive source area. In
addition, movements of this eroded sediment are intermittent, related
to climatic events and is affected by constantly changing landuse/land
cover management. In situ or field studies can provide detailed data
about specific cover changes and associated erosion problems. However,
in remote areas such as the upland moors where accessibility is poor,
in situ or field survey for change detection and erosion assessment is
costly and time consuming. Therefore, the alternative method , remote
sensing, which involves less field surveying without compromising much

with the results would be preferable.

Remote sensing has become an information source for detecting and
monitoring land use. With the availability of historical aerial
photographs and satellite image data, remote sensing has provided a
means to examine the moorlands from season to season, from year to

year, or even from decade to decade. Remote sensing can provide



planners with information on past moorland conditions and indicate
trends that may be monitored in the future. Thus, remote sensing can
help alleviate the problem of detecting and monitoring landuse and
landcover changes by providing up-to-date coverage of entire watersheds
(Morgan et al 1978). In addition, using the landuse/landcover
information as an input to an erosion prediction model such as the
Universal Soil Loss Equation (USLE), it would be possible to assess the
erosion rate involved with the moorland surface cover changes. Thus,
remote sensing as a data gathering tool would be the judicious choice

for the moorland erosion problem.

1.2 Remote sensing potential in soil erosion

Remote sensing in the form of aerial photographs used to study
soil erosion are well documented (Eyre 1971, Malgram & Garn 1975, Parry
et al 1969). Two different forms of remote sensing data are now in use

in erosion research : aerial photography and satellite remote sensing.

1.2.1 Aerial photography

During the past four decades remote sensing in the form of aerial
photography has played an important role in the acquisition of land
surface information (Grimbazevsky 1972). Aerial photographs are
considered to be a data collecting and an analytical tool (Lo 1976),
which provide a base for mapping soil erosion and evaluating soil
erosion hazards. Most erosion features are visible in stereoscopic
images, and those that are not can be readily inferred from tonal
variations (Bergsma 1974). Compared with ground surveys, use of aerial

photographs minimizes the time required to produce maps and lowers the



cost of surveys (Young 1973). Considering these advantages in aerial
photographs, they have been extensively used in mapping the eroded
areas (Stallings 1957, Buringh & Vink 1961, Emer:'y 1975 and Jordan
1984) as well as for other qualitative assessment of landuse changes
that affects soil erosion (Ishaq and Huff 1974, Ruff 1974 and Williams
and Morgan 1976). Recent attention has been directed at quantitatively
evaluating soil loss using aerial photographs (Buringh 1961, Jones and
Keech 1966, Keech 1972, Atukum 1976, Welch et al 1984, Thomas et al
1986, Aniya 1985a, b). Attempts have also been made to use aerial
photographs to measure the USLE factors, C (surface cover and
management) in an effort to predict the soil erosion rate in USA
(Morgan et al 1978, 1979, Morgan et al 1980, Stephens et at 1982,
Fenton 1982, Stephens & Cihlar 1981 and Langran 1983),
Multidate/sequential aerial photographs have been used to determine the
nature, location and timing of soil management changes and how these
changes affect soil erosion on cropland (Stephens et al 1982). This
information used in conjunction with detailed topographic maps and the
USLE, permit the estimation of past and present rates of erosion and

how these rates relate to present landuse (Stephens et al 1982).

Certain limitations are, however, inherent in the use of aerial
photography. The effects of erosion may have been masked by vegetative
cover at the time of flight. Recent aerial photographs of suitable
scale are not always available for the area in which erosion is to be
assessed. Correlating the grey tones of black and white photography
with the various colours found in soils is sometimes difficult.
Variation in film exposure and development can also cause
interpretative problems. To overcome the vegetation masking effect on

eroded areas, colour infrared photographs have been used with
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reasonable success (Totterdal and Mebauer 1973, Tueller & Booth 1975,

Pihan 1980 and Michelbacher 1978, Morgan et al 1979).
1.2.2 Satellite remote sensing

Apart from the aerial photographic remote sensing, scientists have
tested the utility of other forms of remote sensing such as Air borne
Multispectral Scanner (MSS) for gathering soil information since the
late 1960's, (Komnblau and Cipra 1983). Most of these studies attempt
to provide information on the identification and distribution of soil
types (A1-Abbas et al 1972, Kristof and Zachary 1974; Matthews et al
1975@ Zachary et al 1972). Because of the prohibitive cost of airborne
sensing the research later concentrates on the use of MSS data
collected by the Landsat-1 satellite after its launch in 1972.

Research by Cipra (1973), Krishnan et al (1980)and Weismiller et al (1977)
indicated that Landsat data could provide useful information on the
type and distribution of soils. The utility of remote sensing as aids
to ground soil surveying have further stimulated interest in the
influence of different soil properties on reflectance (Kirschner et al

1978, and Weismiller and Kamisky 1978).

Although the satellite data base research on soil information has
not been directed towards the soil erosion problem it has revealed that
satellite data can provide useful information for evaluating certain
soil properties e.g. soil moisture and organic matter, which are
directly related to soil erosion (Mill 1972). Research by Kristof et
al (1980) have shown that variations in soil reflectance can be
affected by the relative proportion of clay, silt and sand in the soil.

Spectral data showed a distinct decrease in reflectance with increasing



11

clay content. On the other hand, reflectance curves for silt and sand
contents showed a significant increase of reflected energy when the
amount of silt and sand increased. Thus, the soil spectral reflectance
properties sensed by satellite could serve as a useful tool for
surveying, identifying, differentiating and inventorying soil and some
of its important properties which can immensely help in soil erosion

study.

Seubert et al (1979) revealed that inspite of differences in soil
parent material or, in geographic locations, certain properties
characteristic to soil erosion may give similar spectral responses.
Research of the laboratory for Applications of Remote Sensing (LARS)
indicates that organic matter, clay mineralogy, soil texture, iron and
soil moisture content are important factors to be considered in soil
reflectance (Stoner et al 1979, Stoner and Baumgardner 1981, and
Montgomery 1976). It is suggested that more likely one or a
combination of these factors is responsible for the distinct spectral
patterns of eroded soils. These revelations of spectral reflectance
properties of the eroded soil have been further stimulated by the
research result obtained by Krishnan et al (1980), Thompson et al
(1983) and Latz et al (1984). They observed that some physical
properties, such as soil moisture, organic matter and particle size,

significantly affect the spectral reflectance of eroded soil.

Despite these developments in the basic understanding of the soil
spectral properties of the remote sensing data in regard to the
specific soil erosion attributes, however, it has not yet been tested
widely and rigorously for a specific soil erosion research problem such

as open moorland erosion.
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1.3 The choice of remote sensing data for the present study

Any effective use of remote sensing data closely depends on the
relation of pixels to object sizes and the spectral and spatial
resolution of the remote sensing data. Eroded bare fields in the moors
are often of smaller size. Thus, for proper identification and
delineation of the eroded moors, it was apparent that the sensors with
higher spatial resolution or small field of view would be useful.
Landsat Multispectral Scanner (MSS), therefore, with 79 m spatial
resolution would be of less use than the Landsat Thematic Mapper (TM)
and SPOT, both of which have higher spatial resolution, 30m and 20m

respectively.

Apart from the spatial resolution effect of the sensors, spectral
and radiometric resolution is also important to consider in moorland
erosion., As the moorland has a very complex vegetation cover and the
exposed peat has a wide range of spectral variation depending on the
degree and stages of peat formation and accumulation. Therefore, to
detect and give proper identification of the peat and vegetation
complex, the sensor needs to have narrower wave bands and higher
radiometric resolution. Thus, again, the SPOT sensors with higher
radiometric resolution and the Landsat Thematic Mapper with its narrow
wavebands and high radiometric resolution would probably be more useful

than the Landsat MSS data.

Therefore, in the present study Landsat TM and airborne SPOT data
have been used as a main remote sensing data source. These remote
sensing data were supplemented by ground radiometry and sequential air

photographs of 1973, 1978, 1983 and 1985.
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1.4 The choice of soil/ground variables

It is recognised that the spectral characteristics of
surface/cover types are mainly controlled by energy-matter
interactions. The proportion of energy reflected, absorbed and
transmitted for each surface/cover type varies depending on the
material type and condition (Lillesand and Kiefer 1978). Geologic and
geomorphic conditions, soil parameters, climatic variations, vegetation
elements and terrain orientation influence the spectral reflectivity of
cover types (Smedes 1975 and Curran 1980). Mills(1972) demonstrated
that the reliability of remote sensing in soil erosion study depends on
how successfully the technique could be utilized to identify some of

the environmental soil-ground parameters, that affects soil erosion.

Misclassification of surface types/land cover can be reduced by
accounting for the influence of environmental factors on the spectral
characteristics of different surface/cover types (Duggin 1983). It
means, that in situ measurements of the éppropfiate so{1jgroﬁnd
variables will permit more effective use of remote sensing techniques
for soil erosion assessment. Therefore, it is essential to determine
the appropriate environmental variables that have an effect on the
spectral response of surface type sensed by the remote sensors.
Opinion about the appropriate environmental variables, however, differs
considerably. For example, Bowers& Hanks(1965) recognised that soil
moisture, organic matter and particle sizes are the most important
contributing factors that influence soil spectral reflectance. While
Nill» (1972) would include particle size, organic matter, pH, structure

and bulk density of the soil.



14

Adrien et al (1982) observed that soil moisture has a significant
influence in both increasing and decreasing patterns of soil
reflectance. Bowers and Smith (1982) found a linear relationship
between absorbance and percentage of soil moisture. Stoner &
Baumgardner (1980) obtained highest correlation with soil moisture at
2.08 to 2.32 um. Peterson et al (1979) observed that reflectance
differs between oven dry state and field capacity. They estimated that
such a difference in reflectance is related to the absence of water in
these soils. They further noticed that the same relationships existed
throughout the visible, near and middle infrared reflective bands.
Although it had been demonstrated that moist soil had lower reflectance
values than dry soils in the 0.4 to 2.6 um wavelength region (Hoffer &
Johannsen 1969), however, the impact of fluctuation in soil moisture

content in varied samples was not clear (Comdit 1970, 1972).

Organic matter influences soil colour and thus the soil
reflectance characteristics. Apart from that, it does influence a
number of soil physical and chemical properties such as water holding
capacity, structure, erodibility, cation exchange capacity and thus
obviously this influence reflects in the spectral properties. Hoffer
and Johaﬁken (1969) demonstrated that within the 0.4 to 2.5 um
wavelength range an increase in organic matter content was accompanied
by a corresponding decrease in soil reflectance values. Kristof (1971)
and Baumgardner et al (1970) using digital analysis for processing
remotely sensed data, were able to delineate and map five different
ranges of organic matter content for mineral soils which contained from
1.5 to 7 per cent organic matter. Stoner and Baumgardner (1979)
indicated that the green wavelength region (0.52 to 0.62 um) showed

high correlations with the organic matter content of 481 bench mark
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soil samples belonging to different taxonomic classes. The organic
matter content of these soils varied from amounts lower than 3 per cent
to 10 per cent. Earlier studies in the 1960's had also detected
certain degrees of influence of organic constituents Tike humic and

fulvic acids on soil reflectance (Obukhov and Oslov 1964).

Although there remains no doubt about the impact of organic matter
on soil reflectance characteristics, researchers maintain different
opinions with respect to the region of the electromagnetic spectrum
most suited for measuring spectral properties of soil organic matter
content (Beck et al 1976, Al Abbas et al 1972, Bintin & Changda 1980,
Krishnan et al 1980, Kristof et al 1974, Latz et al 1981, Montgomery
1976 and Stoner & Baumgardner 1980).

In respect to the eroded soil study, Pazar et al (1982) noticed
that organic matter content together with iron oxide within an eroded

soil significantly affects the shape of the overall spectral response.

Soil parent material constitutes an important parameter whose
effect on soil reflectance has been recognised in several studies
(Stoner & Baumgardner 1980, Matthews et al 1973). Elaborate discussion
of soil textural effect on spectral reflectance was made in the

previous section of this chapter.

Walsh (1980) recognised a significant influence of vegetation
biomass on spectral reflectance. In the present context,
identification of the role of percentage of vegetation biomass would be
important, as the presence of vegetation masks the effect of other

environmental variables.
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The effect of slope angle and aspect on spectral reflectance of
landscape features are well documented (Walsh 1980, Justice et al 1981,
Holben & Justice 1981). Slope angle and slope aspects are the
principal terrestrial determinants causing areas to be directly
illuminated by the sun or to be in shadow, and hence receive only
diffuse sky radiation (Karaska et al 1986). Holben & Justice (1980)
observed that a wide range of pixel values can be associated with a

single cover because of fluctuations in slope angle and aspect.

After careful consideration of all these environmental parameters,
the soil moisture, organic matter content, soil texture, vegetation
biomass and slope and aspect are selected as soil/ground parameters,
on the belief that these would be most relevant to analyse the spectral

variability of the eroded surface types of the study area.

1.5 Aims and objectives

The principal objective of this research is to examine the
potential of remote sensing in soil erosion study. As the moorland
surface types are very complex and heterogeneous, it is probable that
no single soil/ground variable, alone would be able to explain the
observed spectral patterns of surface types. Rather, a variety of
spatial factors (soil/ground variables) in combination may explain the
spectral response variation of surface types. The relative importance
of any one or more of these factors may vary within or among the
surface types. Thus, a considerable effort will be made to understand
which of the soil/ground variables relates most with the spectral
variables. Attempt will also be made to evaluate the spatial and

spectral characteristics of different sensors considered in the study.
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The emphasis will be to what extent the open moorliands surface types

are spectrally separable.

The airborne SPOT and Landsat TM imagery will be analysed in order
to classify and map the major surface types of the study area. The
mapping information thus obtained from the SPOT and TM in conjunction
with the aerial photographs will then be used as an input into a soil
loss prediction model (USLE) to predict the soil erosion rate of the

study area.

Thus, the major objectives of the research are :

1) To evaluate the spectral relationship of the different sensor wave

bands with the selected soil/ground variables.

2) To assess the spectral class discrimination performance of all the

involved spectral bands.

3) To evaluate the spatial surface type discrimination performance of

all the involved spectral bands.

4) To predict the soil erosion rate of the study area.

1.6 Structure

The study first reviews the historical background of heather moors

in relation to erosion problems and explains the rationale of selection

of the study area followed by a background information. In the third

chapter, aerial photographs are interpreted in order to measure the
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changes in landuse/landcover and to evaluate the drainage development
and erosion problems of the study area. This has provided a basis to

construct a base map to prepare the ground sampling strategy.

In the fourth chapter, attention is directed to ground-based
radiometry to provide a preliminary insight of the spectral
characteristics of the major surface types considered. This simulation
is followed by airborne SPOT and Landsat TM data analysis in the fifth
and sixth chapters respectively. The spectral separability performance
of these two sensing platforms are evaluated. The image analysis
provided the information about the best band and band combinations that
would be required to optimize the discrimination of surface types. It
has also provided the information at what extent the moorland surface

types could be correctly classified.

Finally, an attempt is made to use the aerial photographs, SPOT
and Landsat TM land cover mapping information as an input into the
measurement--of- YSLE factor, C, to predict the erosion rate of the study
area and this is followed by the summary and concluding remarks drawn

from the whole thesis.
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2.1 Moorland : an introduction

The North York Moors cover an area of about 1,432 km? and 36% of
this area is open moorland (Figure 2.1). Topographically, the southern
part of the Moors are tabular hills. The north and west are central
highland, rising well over 424 m. Elevation gradually declines
eastwards towards the sea. The slopes of the moorlands are fairly
gentle. The soils of the moorland are closely related to local relief
and drainage features, to the type and condition of the moorland
vegetation, to the present and past exposure of the soil by burning and
to any subsegnent erosion by frost, rain and wind. The drainage is
equally variable and related to the condition of cover, vegetation,
soil, slope and erosion. The average monthly rainfall rates are just

over 67 mm.

The vegetation of the Moorland area is dominated by the common

heather, (Calluna vulgaris), except at seepage sites and waterlogged

areas. The heather is in various stages of development according to
the recent history of burning. Where recent burning has been severe,
the heather has often failed to regenerate and such areas remain bare

or only covered by moss, Bracken (Pteridiumaquilinum) and bilberry

(Vaccinium myrtillus) which, together with a wide range of Moorland

grasses, although locally common, cover only a small proportion of the

Moorland (Sinclair, 1965).

2.2 The heather moors and related erosion problems

Morphologically and functionally, the heather moor is viewed as an

ecosystem (Chorley & Kennedy 1971, Park 1980). Its main vegetation,



21

Z.

g Approxalinate
15 aroo of meortand

Legation of Glaisdale moor study orea
National Pork Boundary

; @ Bo ‘ @
i @
| &

Glaisdale Moor

@QQ Coniferous Trees

=222 Road

NZ014

North Gill

NZ004
NZ2.

Figure 2.1 Location of Glaisdale Moor



22

Ling (Calluna vulgaris) and other ericoid shrubs (Gimingham 1972)

primarily owes its origin to forest clearance by Bronze Age and Iron
Age man (Godwin 1956, Dimbleby 1962, Pennington 1974). The activity of
these early cultures coincided with a probable climatic change from the
relatively warm, dry sub-Boreal to the cooler and wetter sub-Atlantic,
the combined effect being the prevention of tree regeneration which
allowed the Ericaceae to dominate. The increased rainfall and cooler
temperatures also affected upland soils (Dimbleby 1965). Leaching
increased, allowing podsols, now characteristic of the
calluna-dominated environment, to develop (Dimbleby 1962), and
decompoisition of plant deposits which have since become associated

with calluna (McVean & Lockie 1969, Gimingham 1972).

The vegetation history of the North York Moors has been examined
in detail by use of both palynological and archaeological evidence
(Dimbleby 1952, 1961 & 1962, Simmons 1969, Jones et al 1979, Simmons &
Innes 1981) and illustrates the particularly important role of man in
the area (Flemming 1971, Atherden 1976a and 1976b, Spra;t and Simmons
1976).

The early forest cover, during the Boreal period was a Pinus

sylvestris - Corylus association (Jones 1976, 1977, 1978), this changed

to mixed deciduous forest in the Atlantic (Jones 1977, Jones et al
1979). During this latter period the influence of man was localised
and temporary (Simmons and Cundill 1969), but, following the elm
decline marking the boundary between the Atlantic and Sub-Boreal, two
major periods of human activity have been distinguished. These were
during the Bronze and Iron Ages, the effects being widespread in the

Moors (Simmons & Cundill 1974a, b, Jones 1976, 1977, 1978). Initially
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woodland clearance was gradual, being principally for crop growing
(Flemming 1971), but increased as soils deteriorated (Dimbleby 1962)

and pastoral activity increased (Jones et al 1979).

The second major period of woodland clearance occurred in the Iron
Age and Romano-British period (Atherden 1976, Spratt and Simmons 1976)
and resulted in widespread removal of trees and appearance of heather

moorland. These conditions prevailed up to the present.

The systematic management of heather moorland by use of fire is
only about two centuries old (McVean and Lockie 1969, Miller & Watson
1974). Since 1800 moorland landuse has been primarily concerned with
sheep farming and grouse shooting. Land management for either use
involves periodic burning of the calluna cover to attempt to satisfy
the needs of the animals. Large amounts of research have been carried
out on a wide range of aspects, including the interaction of the fire
and the physical and chemical environments, the erosion processes and
jts mechanism. The research result, however, clearly indicates the
negative influence of fire on the surface cover which has resulted in

widespread erosion and degradation problems in the moors.

The initiation of this erosion has been attributed to a variety of
causes. Tallis (1965, 1973 and 1981) and Anderson & Tallis (1981)
argue that altitudinal, and climatic factors together with the surface
topography of the peat itself are important. Wood (1978) considers a
more extensive range of factors, including rainfall erosivity, slope,
surface texture and vegetation cover. Detailed studies of Bower (1960,
1961 and 1962) suggest that blanket peat is an inherently unstable

system in which erosion is an inevitable outcome.
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The weight of environmental circumstances thus points to the
probability of a progressive and gradual decline of peat cover in
addition to the more dramatic and apparently catastrophic Tosses which
occur due to fire. If important areas of moorland are to be maintained
and/or badly eroded zones restored it is essential that a sound
scientific understanding of processes and changes is developed. Based
on this understanding, the North York Moor (NYM) National Park

Authority has concentrated their effort on moorland restoration.

2.3 The extent of the Moorland erosion problem

Since the late seventies and onward, a large amount of research
has been directed to the North York Moors, mainly on its post fire
ecological problem assessments (Haffey 1978, Bridges 1979, Maltby 1979
and 1980, Fullen 1979, Moorland Research 1977-79), on the extent of
changes in the moors (Parry et al 1981) and on the erosion intensity
and its controlling variables {Arnett 1978 and 1979, Imeson 1971 and
1974). More recently, the NYM Park Authority (1980-83) carried out a
detailed study of erosion in the National Park. This revealed that
unstable surfaces and areas of average or poorly managed heather

(Calluna vulgaris) were the major factors that predisposed the Moors to

ercsion. The biggest single problem being the potential fire hazard of
overage vegetation, since once on fire this vegetation burns slowly and
with intense heat, which frequently sets fire to the underlying peat.
Once peat has been dried out beyond a certain point it becomes
hydrophobic and hence extremely susceptible to erosion. The NYM survey
showed that where this had happened revegetation of such areas was

extremely slow.
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In areal extent, the total degraded area in the deep blanket peats
(more than 1 m deep) were estimated at approximately 40.5 km2 or 9.5
per cent of the moorland. In thin peat soil (peat less than 20 cm) the
degraded area covers about 38.4 km2 or 9.5 per cent of the moorland
(National Park Report 1980-83). At present, the principal moorland
areas under immediate threat of extensive and intense erosion include
Danby High, Rosedale, Glaisdale and Wheeldale Moor (Figure 2.1). 1In
total 97.8 km2 or 19 per cent of moorland are classified as eroded,
eroding or liable to degradation and about 20.3 km? considered to be in
imminent danger of being totally degraded (National Park Report
1980-83). Amongst others, Glaisdale Moor is considered to have
suffered a serious erosion problem and for the present investigations,

it has been selected as the study area.

2.4 Rational for the selection of the study area

Apart from the severe erosion problem of the Glaisdale Moor, there
are other factors which have also dictated the choice of this area as a
study site. Glaisdale Moor is relatively accessible, it is of
manageable size (5 km2) for data collection and site familiarization.
Moreover, Glaisdale Moor has a diverse surface types. Most important
of all, it has a good aerial photographic data base. The National Park
Authority also maintains a small meteorological station on Glaisdale
Moor, therefore, the recorded data would be of additional help to

understand and predict the erosion intensity of the area.

2.5 Physical setting of the Glaisdale Moor

Glaisdale Moor is located at the centre of the North York Moors

(Figure 2.1). It is bordered by Rosedale, Danby High and Wheeldale at
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the south, west and east respectively. Geologically the rocks are of
the Middle Jurassic age. The elevation of the area ranges from 326 m
at the east to 402 m at the northwest. Glaisdale Moor however

essentially appears as a relatively flat plateau area.

Glaisdale Moor has three major surface types: the vegetated, peat
and bare mineral soil areas. A considerable part of the area is
covered by very deep peat and drained to the south east by Bluewath
Beck and to the south west by the North Gill. In areal extent the
Bluewath Beck catchment covers a large part of the exposed peat of the

Glaisdale Moor.

Inspite of a serious deep fire during August 1976 and great loss
of peat since then, relatively few stone/bare rock surfaces have been
exposed. Much of the site is still covered by deep, though bare peat
and ashed areas (Figure 2.2). Around the streams of the Bluewath Beck,
a considerable area of vegetation, mainly heather and sphagnum mosses
has regenerated over the years and the marginal parts have recolonised
to some extent. However, vegetation colonisation has been almost

non-existant on the bare mineral soil (Figure 2.3).

Carroll and Bendelow (1981) have identified three different soil
units in Glaisdale Moor, these are, coarse loamy soils, fine loamy
soils and Eriophorum - sphagnum peat. Coarse soils occur at the
north-west part of the Glaisdale Moor. The soil texture of this
particular unit is either sand loam or sandy silt. The unit has a

mixed vegetation including heather, bilberry and bracken.

Fine loamy soils are the second largest unit of the area and cover

the north east - northern part. Surface horizons are light brownish
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grey or light grey clay loam or clay and sometimes mottled.
Eriophorum-sphagnum peat is the largest lithological unit in Glaisdale
Moor, mainly consisting of raw peat. It occurs on gentle to moderate
slopes, or in slight depressions within smoothly undulating ground.
The vegetation consists of cross leaved heath and sphagnum. The

surface horizon appearance varies, from very dark grey, dark reddish

brown to very dark brown semi fibrous peaé! The 1a&éfs mosiiy consist
of eriophorum, but calluna remains are also common. The more fibrous

upper layers are often sphagnum-rich.

In general, the bare peat and the vegetated area contains high
moisture and organic matter content. Conversely, the bare mineral soil

contains very little moisture and organic content.

The nature of the soil and heather cover of the Glaisdale Moor,
clearly reflects the recent history of heather burning, and the
intensity of subsequent erosion. Thus, in the next chapter, the extent
of surface cover changes in the Glaisdale Moors and its subsequent

development of drainage and extent of erosion since 1973 are examined.
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3.1 Introduction

In order to develop suitable land management strategies the
monitoring of changes in landcover/landuse information are of
considerable importance to planners (Anderson 1977, and Howarth and
Boasson 1983). To monitor the temporal changes in landcover, however,
records and inventoring of the landcover at thé appropriate time are
essential (Crapper and Hynson 1983). Typically, changes in vegetation
cover and erosion are identified by interpretation of aerial
photographs and by field inspection (Avery 1977, Civico et al 1986,
Dymond and Hicks 1986, Hardisky and Klemas 1983, Jones and Keech 1966,
Pickup and Nelson 1984, Tomlinson 1984, Vink 1968 and Way 1973).
Recently in the U.S., satellite images have also been used to uncover
landcover changes (Anderson 1977, Ellefsen and Peruzzi 1976, Gordon
1980, Stow et al 1980, Todd 1977 and Wilson et al 1976). For a
successful identification and mapping of land cover changes, it is
essential to have a set of sequential aerial photographs (Hardisky and

Klemas 1983, Stone 1964).

Various approaches have been proposed and used to identify changes
in land cover/landuse from remote sensing. Both digital and
photographic methods have been used for mapping landcover changes
(Crapper and Hynson 1983). In digital techniques, the common means of
identifying landcover changes are ratioing or differencing of images
(Angelici et al 1977, Stauffer and McKinney 1977 and Weismiller et al
1977) or classification and comparison of images from two dates
(E1lefsen and Peruzzi 1976, Rubec and Thie 1978). In general ,
however, the accuracy of the results has been disappointing (Howarth

and Boasson 1983). While in some applications, photographic imagery
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proved to be more appropriate. For example, Lamt et al (1977) used
photographic imagery in conjunction with existing maps to identify
pattern boundaries and Jones (1976) used photographic imagery to
classify areas of uniform landcover. More recently, Williams and
Goodman (1980) used photographic imagery to produce a terrain type map

of a Navajo Indian reservation in U.S.

Crapper and Hynson (1983) suggested the simplest means of mapping
land cover changes is to compare two aerial photographs and map those
areas in which change has occurred. This technique however gives
better results when the photographs are of large scale and of similar
scale. Fortunately, for Glaisdale Moor, there are large scale aerial
photographs for four different periods (1973, 1978, 1983, 1985)

available for use.

In Peak District, Anderson and Tallis (1981) using aerial
photographs, successfully mapped the land cover changes and areal
extent of erosion features. More recently, in Northern Ireland,
Tomlinson (1984) used aerial photographs in mapping the moor land cover
changes. Thus, against this background, aerial photographs have been
used in this analysis to obtain precise information on the extent of

landcover changes of Glaisdale Moor.

Singh (1986), has identified three aspects of using aerial
photographic data in relation to the assessment and mapping the
landcover changes. The first is that of detecting changes in
landcover; the second lies in the identification of the nature of the

change and the third involves mapping the areal extent of the changes.



33

3.2 Objectives

The precise objectives of the aerial photointerpretation are as

follows:

1) To identify and map the surface cover changes in the

—study area; - ' T T

2) To identify and map the changes in drainage conditions

of the study area;

3) To explain the nature and types of erosion which have

occurred in the study area.

3.3 Materials and Methods

3.3.1 Aerial photographs

Four sets of black and white photographs of Glaisdale Moor for the
period of 1973, 1978, 1983 and 1985 were used in the visual
interpretation. A1l of these photographs were taken at spring to
summer. The photographs of 1973, 1978 and 1985 were provided by the
North York Moors National Park Authority and the 1983 photographs were
obtained from the Natural Environment Research Council (NERC). The

scale of the photographs were 1:10,000.

3.3.2 Photointerpretation criteria

The criteria chosen for the present photointerpretation followed

the guidelines given by Stephens (1983) and Stone (1964). The most
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characteristic features considered in the interpretation were

predominantly pattern, tone and texture.

Pattern refers to the spatial arrangement of objects. The
representation of certain spatial arrangements is characteristic of
many features, both natural and cultural, and gives a pattern that the

photointerpreter uses in recognizing them. - - - - - Co-

Tone refers to the relative brightness of features on aerial
photographs. On black-and-white photographs brightness changes occur

as grey tones, from black to white.

Texture is the spatial frequency of tonal changes on the
photographic image. Texture is produced by an aggregation of
individual features and is a product of their size, pattern, shadow and

tone.

Frank (1984) observed that differences in vegetation amount are
evident by grey tone or colour variations that represent the brightness
of red and near-infrared reflectance. Differential reflectance is
viewed as a pattern of grey tones or colours caused by mosaics of
vegetation and bare ground. Visual combinations of tonal and textural
characteristics of the photographs can be useful in interpretating the
changes in vegetation cover or spatial patterns associated with erosion

features, such as rills and gullies (Frank 1984).
3.3.3 Identification of mapping units on the basis of tone

On the basis of visual photointerpretation, six distinct

photographic tones were identified on the Glaisdale Moor air
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photographs. The tones identified on the photos were delineated on
overlays on the photographs and numbered accordingly. The mapped
overlays were then field verified and necessary corrections of the
mapping units were made. In the field, it was clear that the tonal
variations were mainly associated with the density of végetation. A
generalised estimate of the vegetation density of the different mapping
units was obtained by usinga Tm x Im—grid in the field. The surface
area of each mapping unit was measured using a planimeter on the field
corrected overlays. Table 3.1 shows the aerial extent of the mapping

units/surface types of the Glaisdale Moor.
3.3.4 Mapping the drainage density
1) Choice of grid-mesh approach

The drainage density was calculated and mapped on a grid
square basis rather than for drainage basin areas. The logic
for adopting such a grid-mesh mapping system was as follows:
A drainage basin approach would not be suitable particularly
for Glaisdale Moor, as it would give only a general
indication of the drainage condition and would fail to expose
the range of drainage densities according to the ground
conditions. The grid-mesh approach would allow a more
representative and complete scenario of Glaisdale Moor
drainage development. Furthermore, the grid-mesh would also
help to assess the drainage density variation over the years
in a more quantitative manner. More specifically, the
drainage density variation among the surface categories could

reliably be established, and the grid-mesh approach would



Tonal Characteristic Surface type 1973 1978 - 1983 1985
White Bare soil 0.51 5,74 612 13.5
| (0.61) (1.76) ©(1.89) (4.18)
Light and dark grey Exposed peat - 221.53 - 203.79 195.0
(68.25) ' (63.2) (60.4)
Light to dark grey, Vegetation 121.87 27.96 . 68.49 12.7
rough texture (0-€10 per cent
cover) (38.1) | (8.6) . (21.23) (3.9)
Light grey, smooth Vegetation 43.70 64.81 ' 39.0 98.4
(10-<40 per cent ‘
cover) (13.6) (19.9) © (21.0) (30.5)
llModerately dark Vegetation 75.22 4.43 5.16 2.86
: (40-80 per cent |
; cover) (23.5) (1.4) (1.6) (0.8%8)
| .
iDark Complete Vegetation 78.55 - ; - 0.24
: cover, Over 80 {0.07)
per cent (24.5)

Table 3.1 -

Areal extent of six surface types, Glaisdale Moor, North York Moors.
Interpretation is from aerial photographs. Figures are in
hectares, and in brackets percentages. !

9¢
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also permit easy identification and delimitation of the area
prone to severe drainage and erosion problems. This has

important implications for land management and conservation.

In choosing the grid size it was desirable to adopt as fine a

mesh as possible to represent the spatial variability in the

“environment. However, attention was drawn to the -issue-as -

reported by Walsh (1985) that the excessively smaller grid
square size may be too small to be representative of the
local environment and, moreover, it may introduce excessive
errors or noise in the data. A grid square mesh of 100m2
based on the Ordnance survey grid system was finally selected
as the basic unit, in the belief that this will make best use
of the information available without being too detailed to

cause the problems discussed by Walsh (1985).
The grid maps

The grid maps were produced using a program to generate a
segment file for rectangular arrays (Shennan and Donoghue,
personal communication) as input to the GIMMS mapping package
Waugh & McCalden, 1983). Map production was a three stage
process:

First, a segment file was generated using the program. The
topology of this file was then checked using a simple
plotting routine. Second, a GIMMS command file was written
to build polygons : each polygon corresponding to an
individual map unit. Finally, a GIMMS command file was

written to generate a grid map for drainage density data.



3.3.5

38

The FORTRAN programs and GIMMS command files used for map

production are listed in appendix 1 and 2.

The calculation of drainage density

The total length of stream channels in each grid square was
measured using a chartometer and then converted to drainage
density by division by the grid square area. Drainage
density maps of Glaisdale Moor were produced using these

values.

Identification of erosion features

In order to identify the erosion features of Glaisdale Moor, the

classification followed by Lueder (1959), Sharp (1960) and Poole (1969)

was applied in the present study. The erosional forms identified on

the 1985 aerial photographs of Glaisdale Moor include sheet wash, rill

wash and gullying.

1)

Sheet wash as defined in this study includes all slope wash
where no significant channelization by natural overland
flow has occurred. The main criteria developed for such
feature recognition and identification were:
i) Bare soil exposures depicting sheet wash registered
from white to 1ight grey.
ii)  There was frequently a sharp tonal contrast between
the areas affected by sheet wash and those adjacent

areas which showed no affect at all.
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Ri1l wash mainly a channelized form of erosion. Rill wash is
reflected in several patterns depending on conditions of

slope and on the stage of rill development (Figure 3.1).

Occasionally it was difficult to determine from
photointerpretation precisely when the rill wash ends and the

gtui*ng—beg‘i’ns: - T T T

The criteria developed and used in the study include:
i) Rills, most often form parallel to sub-parallel
channels and sometimes anastomosing pattern.
ii)  Ri11 channels are narrow and extremely shallow.
jii) A minimum of sheet wash was associated with rill
wash and it was largely confined to areas between

channels.

Gullying defined in the present analysis includes those
deeply incised channels which have exposed or complietely

removed the overlying peat.

The criteria developed and used to recognize and identify
gully forms include:
i) Gullied channels are deep and wide in comparison to
rilled channels.
ii)  Tributary channels are numerous.
iii) Channels are generally intermittant, but seepage
may occur in some channels, where this occurs the
moistened sections of the channel register a dark

grey tone in contrast to the target background.






a) 1973

i

NZ01

NZ00

NZ7 ]

Key : 1 Vegetation, more than 80 °. cover 3 Vegetation, 10—-40 % cover 5 Bare soil

2 Vegetation. 40-80 * cover 4 Vegetation, less than 10 % cover

Figure 3.2a Land cover changes on Glaisdale Moor-1973
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b) 1978

NZ01

i

NZGO l
NZ73 NZ74
Key 1 1 Yegetation, 40-80 7. cover 3 Vegetation, less than 10 7. cover
2 Vegetation, 10-40 " cover 1 Exposed peal  a) Dry 5 Bare soil

bh) Wet

Figure 3.2b Land cover changes on Glaisdale Moor -1978
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c) 1983
4
NZ01 |-
NZ00 - Y :
NZ73 NZ74 ;
Key : 1 Vegetation, 40-80 ".cover 3 Vegetation, less than 10 % cover .
2 Vegetation, 10-40 % cover 4 Exposed peat 5 Bare soil

Figure 3.2¢ Land cover changes on Glaisdale Moor -1983
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d) 1985

NZ01

N NZ74
1a Vegetation ) 80% coveer‘l3
Key : 1b Vegetation, 40-80 I cover 3 Vegetation, less than 10 . caver
2 Vegetation, 10-40 % cover 4 Exposed peat S5 Bare soil

Figure 3.2d Land cover changes on Glaisdale Moor — 1985
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iv) Considerable rill wash was usually associated with
gully development.

v) The channels of gullies register in grey tones from
moderately dark to light especially where the

channels have water flow.

3.4 Changes in'éuéféce‘c6Véf" S

The sequential air photographs of Glaisdale Moor reflect six
different types of tonal characteristics (Table 3.1). These
characteristic tonal types are mainly associated with the density of
surface vegetation (Figure 3.2a). The highest density of vegetation
(over 80 per cent) appeared as dark, while bare soil with no vegetation

appeared as white.

Table 3.1 shows the areal extent of each of the six cover types
for the four years of data measured from aerial photographs. The
effect of 1976 fire is clearly reflected in the surface cover changes

of the study area.

The dark tones appeared very smooth and associated with the
completely vegetated area (over 80 per cent vegetation). This type of
tonal category was observed on a larger extent only in the 1973
photographs. Because of the 1976 fire, no such tonal category appeared
in either the 1978 or 1983 photographs. By 1985 however four small

areas of this type had reappeared (Figures 3.2b, c and d).

Moderately dark tone was relatively less smooth than the dark
tone. This type of tonal category has seriously suffered from fire and

the density of vegetation ranges from 40-80 per cent. The areal extent
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of this category has reduced from approximately 23.5 per cent in 1973
to 1.4 per cent in 1978, 1.6 per cent in 1983 and 0.96 per cent in
1985,

Moderately 1ight tones have 10-40 per cent vegetation cover. The

tonal degradation of this category was mainly due to its poor

vegetatién cover. In terms of areal extent, the category appears to -
have improved considerably from 13.6 per cent in 1973 to 30.5 per cent

at 1985, in panht due to regeneration of vegetation.

Light tones are characteristic features of very sparse, widely
scattered vegetation, with a range of 0 to 10 per cent vegetation.
Exposed surfaces within the category have resulted in an uneven
textural composition. In areal extent, the category seems to have

fluctuated most since 1973.

Light to deep grey tones reflect the exposed deep blanket peat

area. The tonal intensity within category varies because of:

1) differential local relief;
2) varying levels of peat formation;
3) density of micro channels; and

4) varying levels of ground moisture.

Within the exposed peat category field checking further revealed that
there are three different types of peat formation, a) charred peat with
columnar structure, b) ashed hollows and residual charred peat, and c)
hagged peat, reliable identification of these types was not however

possible from the air photographs.
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The exposed peat of the study area was mainly attributed to the
1976 fire. The areal coverage of this category reached its peak at
1978 (being 68.25 per cent), thereafter, due either to gradual
regeneration of vegetation or erosion, the category decreases to about

60 per cent of the area in 1985.

White tones are-associated -with the bare- seil and-exposed mineral-
soil. The subsurface soils are mainly coarse to fine loamy and some
parts have very thin peat cover. The category completely lacked any
vegetation cover. Bare soil area of the Glaisdale Moor has
significantly increased since the 1976 fire, rising from only 0.61 per

cent in 1973, to 4.18 per cent in 1985,

The overall tonal sequences in all the air photographs of the
study area however, did not clearly develop a systematic pattern of

tones. The probable reasons are as follows:

1) Within the dark tone there was significant irregularity
which has resulted in the break of tonal texture and
smoothness.

2) Apart from the dark and white tones, tonal variations
were very inconsistent and irregularly merged at varying

levels between the other categories.

It appears clear from Table 3.1 that since 1978 changes in surface
cover of Glaisdale Moor was unprecedent in scale, especially in the
bare peat. Although some parts of Glaisdale Moor have recovered after
recolonization, however, the regeneration process was rather slow.

Most significantly, no part of the Glaisdale Moor has yet established a

complete vegetation cover since 1978.
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Figure 3.3a Drainage patterns of Glaisdale Moor.
1973-1978.
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Figure 3.3b Drainage patterns of Glaisdale Moor.
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3.5 Drainage development

The 1973 aerial photographs of Glaisdale Moor indicate two
distinct smaller watersheds, one at the mid eastern section called the
Bluewath Beck and another, at the south-western section, called the
North Gi1l (Figure 3.3a). Al11 the channels as appeared in Figure 3.3a
are méiﬁfy‘}%iis associated with few gulliés and essentially of - -

ephemeral nature.

The drainage pattern of Glaisdale Moor was significantly changed
after the 1976 fire which was reflected in the 1978 aerial photographs
(Figure 3.3a). Two watersheds : Bluewath Beck and North Gill were far
clearer on the 1978 photographs. The Bluewath Beck and the North Gill
watersheds appear to have laterally extended and numerous
micro-channels have emerged. The impact of sparse vegetation cover on

the Glaisdale Moor drainage system was evidently clear.

In 1983 and 1985 the drainage netwerk of Glaisdale Moor has
further intensified, although the drainage intensity difference between
two periods was less apparent. Over the years, the Bluewath Beck and
the North Gill have developed an extensive drainage network, covering
most of the Glaisdale Moor (Figure 3.3b). Intense incision, lateral
erosion and most importantly surface rilling are the reasons for the

phenomenal drainage development.

3.6 Drainage density

The interpretation of Glaisdale Moor air photographs has revealed

the nature of the problem in terms of the changing surface cover and
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the drainage. In this section, attention is focussed on the
micro-level temporal and spatial drainage density variation of the
Glaisdale Moor. The drainage density maps are produced from the
drainage maps, (Figure 3.3a and b) and these are shown in Figure 3.4.
Detailed discussion about the drainage density mapping was given in

section 3.3 of this chapter.

The drainage density maps, Figure 3.4 indicate a wide range of
temporal and spatial variation in drainage density. A pair-wise t-test
was employed to examine if the drainage density variations from 1973 to
1985 are significant. The results of the pair-wise t-test show a
significant difference exists between the different years considered
except between the 1983 and 1985 (Table 3.2). The Tower significance
level of the drainage density between 1983 and 1985, was perhaps due to
limited extension of drainage since 1983 because of gradual
recolonization of vegetation. The t-statistic for the 1973 and 1978
pair was also relatively low, which needs some careful examination.
Before the August 1976 fire on Glaisdale Moor, the area was less
disturbed. But the hydrological balance was immediately affected after
the fire, thus the established ecosystem of the basin was lost (Imeson
1981). There was very little interception and transmission of rainfall
energy available because of lack of surface vegetation, therefore, more
surface runoff was generated. Eventually, the higher runoff has
developed a new drainage network. In the present context, two years
difference between 1976 and 1978 was not sufficient to make a
significant alteration to an established drainage system, and perhaps
that was the main reason for the lower t-statistic between these two

years,
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Figure 3.4a Drainage densily of Glaisdale Moor
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Figure 3.4 Drainage density of Glaisdale Moor




54

Table 3.2 Pairwise 't' tests of changes in drainage density 1973-1985
Mean .| Standard t Significant

Variable Mean difference deviation statistic |at a =
1. Dd73 1.288 -0.338 1.303 -3.174 0.001
2. Dd78--- 1.626— - N = }49—-|- S
1. Dd73 1.288 -1.507 1.795 -10.248 0.0001
3. Dd83 2.795 -- N =149 --
1. Dd73 1.288 -1.723 1.955 -10.759 0.0001
4. Dd85 3.012 -- N =149 --
2. Dd78 1.590 -1.237 1.890 -8.254 0.0001
3. Dd83 2.828 -- N =159 --
2. Dd78 1.590 -1.493 1.895 -9.935 0.0001
4. Dd85 3.084 7 -- N =159 --
3. Dd83 2.828 -0.255 2.032 -1.588 0.15
4. Dd85 - 3.084 -- N =159 --

Dd73 Drainage density 1973

Dd78 Drainage density 1978

Dd83 Drainage density 1983

Dd85 Drainage density 1985
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Apart from the temporal variation in drainage density of the
Glaisdale Moor, there was a wide range of localized density variation
within the basin. The localized drainage density variation was also
reported earlier by Imeson (1971) in the N.York Moors and by Tallis
(1981) in the Pennines. The possible reason for this localized
drainage density variation may be primarily due to the variations in
subsurface Tithology, and the variations in intensity of surface
vegetation cover (Morgan 1986 and Rose 1971). The mean drainage
density variation among the major types : vegetation (2.42 m/m2) bare
peat (3.44 m/m2) and base soil (2.78 m/m2) was tested by analysis of
variance. The null hypothesis was that there was no significant
variation in drainage density among the surface types of Glaisdale
Moor. The 1985 drainage density data were used for the ANOVA. The
result indicates a high F-value and the level of significance was very
high = 0.0001 (Table 3.3). Therefore, statistically the drainage

variation among the surface types appears to be valid.

The higher drainage density of the peat can be attributed mainly.
to its higher intensity of infiltration and quick through flow. The
higher infiltration and through flow rate accelerates the elevation and
solution and intensity of the development and extension of seepage
faces (Imeson 1981). 1In addition, due to the exposed condition of the
peat, it dries very quickly and cracks along the margins. When rain
falls, the cracked margins emerge as a microrill and with further
Tateral extension along the cracks, the microrill develop as bigger

rill and eventually a new drainage network develops.

The lower drainage density in the vegetated surface was attributed

to its controlled infiltration and through flow rate (Imeson 1981).




analysis of variance testing the significance of thé temporal

Table 3.3 The results of the
>
variation in drainage density

|

Source Degree of Sum of Mean F Significant
freedom squares squares Statistic at a =

Between 2 53.87]1 29.436 12.221 0.001
Within 253 609.38 2.408

|
Total 255 668. 25 | |

!

96
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This means the surface vegetation has played a key role in controlling
the drainage density rate of Glaisdale Moor. This proposition was
examined by Pearson's product moment correlation between the drainage
density and the percentage of vegetation. The result indicates a
negative correlation r = -.388, significant at = 0.01 Tevel, which

means decreasing cover has a significant positive effect on the

drainage density rate. - ' ' T - T

3.7 Nature and types of erosion

The major erosional forms identified on the 1985 aerial
photographs of Glaisdale Moor include : sheet wash, rill wash and

occasional gullying (Figure 3.5).

Sheet wash in Glaisdale Moor was very much confined to the bare
mineral soil and occasionally to some extent at the down slope of very
thin peat areas. Because of the poor infiltration and throughflow
capacity -of the bare mineral soil, precipitation cannot pass through
quickly, thereby it rushes down slope as a sheet wash without any

concentration.

Ri11 wash represents the early stage of gully formation. This

form of erosion features are very extensive in the peat areas (Figure

3.1).

Gullying was not an extensive feature of the Glaisdale Moor. Two
major gullies identified in the 1985 aerial photographs of the
Glaisdale Moor were in fact the two main channels : the Bluewath Beck

and the North Gill.
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Because of extensive rilling, the overall intensity of erosion

appears to be much higher at the blanket peat than either the bare soil

or the vegetated area.

3.8 Conclusion

The objective of photointerpretation was to identify and map the

following :

the surface cover changes, the drainage and the erosion

types occurring on the Glaisdale Moor. Based on the above

photointerpretation, the following observations can be made:

3)

The surface cover of Glaisdale Moor has experienced

a drastic change between 1973 and 1985. The worst
affected part of the Moor was the blanket peat, as the
whole area became totally exposed after the fire. Over
the years, the area of bare soil has increased at the
expense of the thinner peat area.

The overall drainage density of Glaisdale Moor has
increased at a phenomenal rate from 1.28 m/m2 at 1973
to 3.08 m/m? at 1985. Because of extensive rilling

the deep blanket peat has the highest mean drainage
density of 3.44 m/m?, while the vegetated area has the
lowest rate of 2.42 m/m? and the bare soil has the
intermediate rate of 2.78 m/m2.

The nature and types of erosion in the Glaisdale Moor
are mainly controlled by the pedological and topographic
diversity. Extensive rilling in the peat was the most

important erosion feature of Glaisdale Moor.
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Having established the areal extent of the surface cover changes
which have occurred in Glaisdale Moor since 1973 and the drainage
development with its related erosion extent, attention is drawn to the

next chapter about the relationships between spectral reflectance and

soil-ground variables which are related to erosion.
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CHAPTER FOUR

Spectral Characteristics of Glaisdale Moor Surface Types and their

discrimination potential

4.1 Introduction

4.2 Objectives

4,3 Methodology

4.4 Relationships between ground variables and surface reflectance

4.5 Grouping and spectral discrimination of surface cover types

4,6 Conclusion
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4.1 Introduction

Remotely-sensed data are used routinely in the Earth Sciences for
the discrimination of surface characteristics. Soil scientists have
used remote sensing data (particularly Landsat MSS data) for the
mapping of different soil classes (Cipra 1973, Ezra et.al. 1984,
Kirschner et.al. 1978, WeismiHer et al. 1977) and for the"
identification of soil types and soil properties (A1 Abbas et.al. 1972,
Kristof and Zachary 1974, Kristof et.al. 1974, Matthews et.al. 1973,
Zachary et.al. 1972). Discrimination in most of these cases was
achieved using the spectral differences of ground surface parameters
including soil physical and chemical properties, vegetation and terrain
parameters (Huete et.al. 1984, Crouse et.al. 1983, Townshend 1984,
Siegal and Goetz 1977). The maximum overall discrimination accuracy in
some cases with MSS data has been reported as 58 per cent (Thompson
et.al. 1981), 56 per cent (Hancock 1982) and 50 per cent (Siegal and
Abrams 1976). Huete et.al. (1984) found difficulty in discriminating

bare soil from low vegetation densities.

4,2 Objectives

The objective of the study reported here is the examination of the
spectral reflectance properties of soil and vegetation in Glaisdale
Moor with the aim of discriminating the surface cover types. The study
first examines the relationships between ground physical parameters and
ground radiometer measurements, and the second part of the analysis

investigates which wave band best discriminates surface types.
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4.3 Methodology

The estimation of an environmental variable at a point and later
extrapolation over a wider area needs reliable and representative
ground data (Curran and Williamson 1985). The Glaisdale Moor study
area was divided into three pedological groups:- coarse loamy, fine

- -—loamy and Eriephorum- sphagnum peat; based on the Soil Survey of England
and Wales map (Carroll and Bendelow 1981)

After initial stratification of the area into the three
pedological groups, each stratum was then further subdivided into five
substrata on the basis of tonal characteristics on the aerial
photography (Table 4.1). A stratified random sampling scheme was then
used to identify 70 field sites at which a number of soil
characteristics were measured in May 1985 (see Appendix 1 and 2). The
soil characteristics measured include soil texture, moisture, organic
matter, biomass and slope. The 1list of soil variables is shown in
Table 4.2. Laboratory methods used for soil texture, moisture and
organic matter analysis were taken from Avery and Bascomb (1974) and
Black et.al. (1965). The hydrometer method was followed for textural
analysis, and the Toss on ignition method to determine the organic
matter content. Vegetation biomass was measured using the harvest
method (Pearson and Miller 1972, Tucker and Maxwell 1976). The surface
vegetation of Im square was harvested and weighed. After drying the
vegetation the sample was weighed again and this value was taken as the

vegetation biomass.
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At each of the 70 field sites the reflectance of the surface was
also measured. The instrument used was a Milton Multiband Radiometer
(Milton 1980) equipped with four wavebands comparable to those of the
LANDSAT Multispectral Scanner, viz. 0.5-0.6, 0.6-0.7, 0.7-0.8 and
0.8-1.1ym. At each site the surface radiance and the radiance of a
Kodak grey card were measured three times. The radiometer sensor head
- was positioned-Zm above the surface and measurements were taken between
11.00 and 14.00 hours BST during the period 12-15 May 1985. From these
data bi-directional reflectance (BDR) of the ground surface in each
waveband was calculated by

BDR = XS

Rg

x 100 (per cent)

where Rs is the radiance from the ground surface and Rg is the radiance

of the Kodak grey card.

Before any parametric statistical analysis was performed the
fréquency distributions of all thé variables were analysed. The
summary statistics of all the variables are shown in tables 4.1 and
4.,2. On inspection some of the variables had high skewness and were
transformed. Logarithmic transformations (base e) were applied to the
soil moisture, surface silt and clay and subsurface clay and slope
variables. Square root transformations were applied to the four
spectral reflectance variables. Further references in this paper to
the variables refer to the relevant transformed variables, but for

simplicity the original names are employed.



Table 4.1

Summary statistics of the ground variables

Standard Transfor-

Variable N Minimum Max imum Mean deviation| Skewness | Kurtosis mation
Percent moisture 70 0.120 29.900 5.926 6.036 1.715 3.690 1oge
Per cent organic matter 70 2.290 91.610 36.145 28.692 0.?61 -1.312 -
Biomass gm/m? 40 209769 2245.9 1476.6 502.93 -O.?OQ -0.294 -
Per cent sand — 60 - 48.630 91.950 76.149 10.525 -0.548 -0.024 -
Per cent silt Surface 60 4.03 40.280 14.385 6.188 1.074 3.429 1oge
Per cent clay— 60 2.02 37.350 10.902 8.085 1.?52 3.165 Tog,
Per cent sand 60 35.150 93.490 72.291 16.007 -0.853 -0.339 -
Per cent silt Subsurface 60 0;010 37.250 12.850 8.124 1.630 0.781 -
Per cent clay— 60 2.01 39.150 14.805 10.610 0.958 -0.343 log,
Slope 70 10730 51.340 25.052 9.275 0.?71 0.980 Tog,

g9



Table 4.2

 Summary statistics of the surface reflectance variables |

. o ] Staqdard | | . Trangfor-
Variable N Minimum | Maximum Mean deviation | Skewness | Kurtosis mation
Channel 1 (0.5-6 um) 70 2.97 82.54 27.107 19.790 0.723 -0.393 |Square root
Channel 2 (0.6-0.6 um) 70 2.77 98.65 35.081 23.173 0j387 -0.737 |Square root
Channel 3 (0.7-0.8 um) 70 9.68 176.18 47.396 36.607 1.779 3.106 |Square root
Channel 4 (0.8-1.1 um) 70 15.82 212.83 65.528 35.497 1,698 4.075 |Square root

99
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Figure 4.1 Spectral reflectance of three surfoce types in Giaisdole
Moor: peat, vegetation and bare soil.The four radiometer
channels are compatible with the Landsat MSS, viz.

0.5-0.6, 0.6-0.7, 0.7-0.8 and 0.8—1.1,.m respectively.




Table 4.3

Pearson's product-moment correlation coefficients among the soil and spectral variables

Surface " Sub surface
Organic — ! i
Moisture | matter Biomass Sand Silt Clay Sand Silt Clay Slope
per cent |per cent | gm/m? per cent |per cent |per cent |per cent |per cent |per cent
Channel 1(0.5-0.6ym) | -0,150 -0.331** [-0.315* -0.322* |-0.212 0.386** | 0.138 -0.432** | 0.113 -0.181
Channel 2(0.6-0.7um) | -0.057 -0.142 -0.482** 1-0.425** 1-0.128 0.542** |-0.019 | -0.253 0.222 -0.161
Channel 3(0.7-0.8um) -0.311** -0.361** -0.590** -0.175 -0.124 0.246* 0.206 . |-0.357* {-0.005 0.107
Channel 4(0.8-1.lum) | -0.327** |-0.436** |-0.594** |-0.240 0.049 0.335% | 0.155 ||-0.210 0.028 0.238*
_ ‘ » ‘ k
Cases 70 70 40 60 60 60 60 ' 60 60 70
_ !
|
* Significant atec = 0.05 ** Significant ate< = 0.01

89
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4.4 Relationships between ground variables and surface reflectanc

——— - - ——— . —

4.4.1 Spectral reflectance

It is important to note that the spectral reflectance values for
the vegetation substratum were merged into one to represent the
vegetation category.- Thus—there-are -three groups in this analysis :

vegetation, peat and bare soils.

The average spectral reflectance curves for these three main
groups are shown in figure 4.1. The peat category shows the lowest
reflectance in all wavebands because of its high soil moisture and high
organic matter contents. The vegetation category has high reflectances
comparable to those of peat at visible wavelengths, but has a higher
near-infrared reflectance. The vegetation curve is not simply a
function of chlorophyll absorption because the heather vegetation is
not so biologically active in May. Rather, the increasing reflectance
with Tonger wavelengths is related to the higher near-infrared
reflectance of the components of the heather canopy such as leaves,
stems and twigs. The bare soil category has the highest reflectance in
all wavebands because of its lower organic matter content and lower

soil moisture.

4.4.2 Bi-variate relationships

Pearson's product-moment correlation coefficients were calculated
for all the combinations of ground variables and spectral variables.
The results are shown in Table 4.3. Scatter plots of the soil
variables with each of the reflectance variables were created and

showed that most of the soil variables had negative relationships with
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reflectance. Moisture, organic matter, biomass, sand and subsurface
silt all had negative relationships with reflectance, while subsurface

clay had a positive relationship.

Figure 4.2 shows scatter plots of six of the relationships.

Figure 4.2a(i) shows that as moisture content increases then

- near-infrared reflectance-decreases because of -the higher reflectance

of dry soils (Curran 1985). Jensen (1985) observed that the presence
of soil moisture not only reduces the surface reflectance in visible
wavelengths but also in near infrared wavelengths. The negative
relationship of reflectance and organic matter (Figure 4.2a(ii)) has
been observed also by Page (1974) and by Hoffer (1978). The negative
relationship between organic matter and reflectance is attributed to
the darkness of soil organic matter. Therefore its presence decreases
the reflectance from the soil. For naturally occuring materials the
exact relationship may be influenced by the presence of other factors,
such as soil moisture. The decrease in reflectance with increasing
biomass (Figure 4.2b(i)) is attributable to energy absorption by water
in the vegetation canopy, and the increased diffuse scattering and

surface roughness with increasing biomass.

The negative relationships of surface sand and subsurface silt
with visible reflectance (Figures 4.2b(ii) and 4.2c(i)) supports
similar findings by Hoffer 1978 who suggests that the larger particle
sizes of sandy soils means greater scattering and so lower reflectance.
The positive relationship between reflectance and surface clay content
(Figure 4.2c(4i)) supports this mechanism as scattering will reduce
with a smoother surface composed of finer particles. However, it

should be remembered that the figures for sand, silt and clay are
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percentage figures and that an increase in one of these variables will

cause a commensurate decrease in one or both of the other two.

The results of the correlation calculations shown in table 4.3
indicate that visible reflectance is not strongly correlated with any
of the ground parameters, with the possible exception of surface
clay where-r =-0.542.— In-all other cases r is less than-0.5. While —
the correlations increase slightly in the near-infrared channels the
values are still relatively low, although in several cases
statistically significant. One conclusion from the correlations given
in table 4.3 and the scatter plots in figure 4.2 is that no single
ground variable can be said to have a dominant affect on the spectral
reflectance. It may be that the spectral reflectance variables as a
group are related to the ground parameters as a group. This proposal

is examined in the next section.

4.4.3 Canonical correlation

Canonical correlation allows the examination of the relationship
between an independent group of variables and a dependent group of
variables. In this study the ground parameters are taken as the
independent group (group 1) and the spectral variables as the dependent
group (group II). Details of canonical correlation are given in
Kendall (1972), Morrison (1967) and Johnston (1980) and see also
Chapter 5 (Section 5.4.3).

The canonical correlation results are shown in Table 4.4, The
largest canonical correlation coefficient is 0.765 which means that

58.5 per cent of the variance in the spectral variables can be
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explained by the variance in the ground variables. This is a

relatively poor performance which may be attributable partly to the

exclusion of the biomass variable from the analysis because it was not

available for peat and bare soil.

The relationship between the two groups of variables was also

—examined by multiple regression analysis. The dependence of each

spectral variable on the independent ground variables was not high,

with the coefficients of determination ranging from 0.396 to 0.564.

From these analyses it is clear that there is a great deal of

spectral variation still to be accounted for. This is explored further

by using the stratification of the data into the separate vegetation,

peat and bare soil groups.

Table 4.4 Canonical correlation of ground and spectral variables

; Correlation
Group 1 Group 11 1 11 111
Soil moisture Channel 1
Organic matter Channel 2 0.765 0.717 0.560
Sand Channel 3
Silt - Surface Channel 4
Clay
Sand
Silt - Subsurface
Clay
Slope

Number of cases = 60.
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4.5 Grouping

The assumption behind the grouping is that the groups are
meaningful. If the groups have a high variance then the result would
not form a reasonable basis for further analysis (Whitelock et.al.
1982). Therefore the quality of the grouping needs to be tested first,
and—-this was done-using-ene way analysis of—variance (ANOVA). The nul1—
hypothesis for this ANOVA was that the spectral reflectances of
individual cases were not distinctly different between groups. Table
4.5 shows an ANOVA which used the spectral reflectance data as the
dependent variables and the strata as the treatment. Channels 1, 3 and
4 have F ratios which are significant at P = 0.1. These results
positively support the contention that the grouping is meaningful, and

so the groups were used in the analysis discussed below.

Table 4.5 Analysis of variance of spectral variables to test the

stratification discussed in the text

Channel 1 Channel 2 Channel 3 Channel 4

Between-group 35.258 24,523 7.2662 71.044
sum of squares

Between-group 17.629 12.261 3.6331 203.07
mean square

Within-group 220.06 276.63 23.447 35,522
sum of squares

Within-group 3.3342 4,1914 0.355 3.077
mean square

F ratio 5.2863** 2.9253* 10.227** 11.545**

* Significant = 0.1. ** Significant = 0.05.
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Table 4.6 Multiple correlation between the spectral variables and

the ground variables for three groups

N Multiple R R2 F Significance
Vegetation
Channel 1 40 0.721 0.519 3.136 0.007
Channel 2 40 0.762 0.762 4.009 0.001
Channel 3 40 0.772 0.596 4.286  0.001
Ichanne1 s~ 40 0.806  0.651  5.407 0.001

Independent variables included: moisture, organic matter, biomass, surface
sand, silt and clay, subsurface sand, silt and clay, slope.

Channel 1 15
Channel 2 15
Channel 3 15
Channel 4 15

Peat

0.847 0.717 9.313
0.811 0.658 7.073
0.823 0.677 7.710
0.904 0.818 16.58

0.002
0.006
0.004
0.001

Independent variables included: moisture, organic matter, slope

Channel 1 15
Channel 2 15
Channel 3 15
Channel 4 fS

Bare soil

0.959 0.921 6.518
0.958 0.919 6.346
0.994 0.989 - 52.85
0.984 0.969 17.702

silt and clay, subsurface sand, silt and clay.

0.026
0.027

©0.001
0.002

Independent variables included: moisture, organic matter, surface sand,

Channel 1 15
Channel 2 15
Channel 3 15
Channel 4 15

Bare soil

0.935 0.875 9.370
0.941 0.885 10.345
0.987 0.975 53.069
0.955 0.913 14.121

sand, silt and clay.

0.002
0.002
0.00?
0.00)

Independent variables included: surface sand, silt and clay and subsurface
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Having grouped the data, the next stage in the analysis was the
use of multiple regression analysis to examine for each group the
relationships between each spectral variable and the set of independent
grouped variables. The results are shown in Table 4.6 and it can be
seen that quite high values of R2 are obtained, even with a small
sample number. The lowest R? values are found in the vegetation group,
--with- higher-values -of R2—at longer wavelengths. Peat has higher RZ ~~
values, and the bare soil category has values near or above 0.9, that
is 90 per cent of the variance in the spectral response is explained by
the variance in the ground variables. Two analyses are given for bare
soil: the first includes the organic matter, moisture and slope
variables, the second does not. In all cases the removal of these
three variables reduces the R2 values, although by relatively small

amounts.

4.5.1 Spectral discrimination of surface cover types

~ Having established the relationship between the ground properties
and the spectral variables, an attempt was made to explore the
discriminating power of the ground radiometer data for the three
surface types in the study area: vegetation, peat and bare soils.
Stepwise linear discriminant function analysis (Nie et.al. 1970) was
employed. The aim of discriminant function analysis is to find a set
of functions of selected variates (wave bands) allowing classification
of spectral observations into one of a designated number of populations
(Abrams and Brown 1984). A stepwise discriminant analysis is a
sequence of analyses which moves from one stage to the next by adding
or deleting classification variables from the linear discriminant

functions. The selection of variables at each step is controlled to
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maximize the ratio of the between-group dispersion to the within-group
dispersion. Further discussion on the use of stepwise discriminant

analysis is given in Chapter 5 and 6 (section 5).

The results produced from the stepwise discriminant analysis are
presented in table 4.7. The order of inclusion of the wave bands in
- this stepwise analysis was channels 4,1, 3, 2. The upper part of
table 4.7 shows that the first discriminant function is positively
weighted on the near-infrared channels and negatively weighted on the
visible channel: the reverse is true with the second discriminant
function. The largest coefficient in function 1 is for channel 4, and

the largest in function 2 is for channel 1.

Table 4.7 Discriminant analysis of the radiometer data: standardized

canonical discriminant function coefficients

Function 1 Function 2
Channel 1 . =0.13743 1.32065.
Channel 3 0.45673 ~0.46396
Channel 4 0.70719 -0.31977

Classification results

Predicted group membership

Actual group

membership Vegetation Peat Bare soil
Vegetation 20 8 12
Peat 2 13 0
Bare soil 3 2 10

Grouped cases correctly classified = 61.4 per cent.
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The scatter plot of the three groups on the two discriminant
function axes is shown in figure 4.3. The group centroids are spaced
relatively closely and indicate spectral similarity in the different
groups. The classification results in the lower part of table 4.7
indicate that 61.4 per cent of grouped cases are correctly classified
by the two discriminant functions. The vegetation and bare soil group
have been seriously misclassified while the peat group has fewer
misclassifications because of its distinctly lower reflectance. The
poor performance of the vegetation and bare soil groups may be caused
by the heterogeneity of surface conditions found at the surface,

particularly for the vegetation category.

Although the discriminant analysis did not give clear results it
does indicate that the best band for overall discrimination in the
study area is channel 4, followed by channels 1 and 3. However, any
conclusive remarks about the discriminating power of the ground
radiometer data cannot be made without reservation.

4.6 Conclusion

The severe erosion in Glaisdale Moor has provided a focus for the
study of the relationships between spectral reflectance and ground
variables which are related to erosion. There is no clear, simple
relationship between individual wave bands and single ground variables,
but grouping and stratification have shown that aggregate effects can
be determined. A number of factors are important in the area when

assessing the results, and these are listed below.

1) The vegetation category has a high degree of internal

variation as it ranged from <10 per cent to complete
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cover and encompasses varying stages of vegetation
maturity. Low density vegetation includes area of

exposed soil and dead ground litter.

2) The spatial resolution of the ground radiometer is c.
Im. This scale is larger than the scale of spatial
variation of the surface categories so that the spectral
reflectance measurements will encompass surface type

variation within each radiometer field of view.

3) The peat category encompasses a range of peat types
including burned and eroded peat of varying moisture

content and peat with exposed surface minerals.

The relationships between spectral response and ground variables
are neither simple nor direct, but the analysis discussed here has

shown the shape of some of these relationships.

The spectral characteristics of the Glaisdale Moor surface types

are further examined with the air borne SPOT data in Chapter 5.
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5.1 Introduction

The SPOT spacecraft is an operational and commercial system. It
carries two identical sensors, called HRV (Haute Resolution Visible),
made of static solid state arrays of detectors (CCD). They operate in
two modes, either in the panchromatic mode or multispectrally in three
spectral bands between 0.49 and 0.97pym. Among the innovative features
of SPOT are the relatively high ground resolution of the imagery it
will produce (20m in the multispectral mode, 10m in the panchromatic
mode) and the ability of its sensors to point up to 27° east and west
of the local vertical axis. This latter feature offers possibilities
for increasing the number of opportunities to obtain views of a given
area. It also permits stereoscopic observations by combining views
taken at different angles from the vertical and therefore opens up the
possibility of third dimension (altitude) determination, which is an
important requirement for cartographic applications (Brachet 1986).

The principal characteristics of SPOT are summaried in Appendix 3.

As a prelude to the Taunch of the SPOT system, considerable
research was undertaken using airborne sensors to simulate the SPOT
data set. The objectives of the SPOT simulation programmes were to
provide information on the potential applications of the SPOT satellite

data.

The SPOT simulation programme was carried out in several parts of
the world including Bangladesh, West Africa, United States and Europe.
Preliminary results of these SPOT Simulation confrimed that in such
field as topographic and thematic mapping, forest inventory, crop

production statistics, urban planning, engineering and geology, the
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SPOT images may very well replace high altitude aerial photography
(Brachet 1986). For example, in Bangladesh, the SPOT simulation result
appears to be very encouraging in the inventory of the resources and
mapping of mangrove vegetation and coastal areas (Blasco et al 1982 and
Favard and Chaudhury 1982). In Mali, West Africa, scientists using
colour composites of simulated SPOT imagery were able to discriminate
lithofacies and the structural features (Simmon et al 1981). The SPOT
simulation imagery also proved to be useful for forecasting rice
production in West Africa (Berg 1981), in the investigation of tropical
coastal areas (Verger et al 1981) and in the detection and inventory of
large ecological and pastoral resources in semi-arid and Sahel region
(Wispelaere et al 1981). In most of these cases simulated SPOT imagery
would appear to offer almost the same capabilities as medium scale

(1:25,000 to 1:60,000) colour infrared (CIR) aerial photography.

There have also been extensive efforts in the United States to
evaluate the potential of SPOT simulation, particularly its resolving
power in comparison with Landsat MSS, TM and/or CIR for a variety of -
aspects. For instance, Colwell and Poulton (1984), Dolan et al 1984
and Milazzo and Deangelis (1984) compared the interpretability of
urban, suburban and fringe covers. SPOT simulation was also used for
assessing the potential utility for discriminating multiple crop types
and agronomic conditions (Degloria 1984 and Merritt 1984); for the
identification of cover types in forest as well as in agricultural
lands (Buchheim et al 1984 and Sailer et al 1984). The spectral and
spatial resolution of the simulated SPOT data appears to be a valuable
aid in a high level of classification accuracy for range land as well
as for agricultural cover types (Maslanik et al 1984, Roebig et al 1984

and Toll and Kennard 1984), for delineation of Wetland vegetation and
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hydrodynamic processes (Ackleson et al 1984 and Parks et al 1984) and
for water quality assessment (Edwards et al 1984). There has also been
examination of the simulated SPOT and Landsat TM for information
content analysis (Buis 1984 and Price 1984), for geological mapping and
interpretation (Bailey and Dwyer 1984, Borengasser and Taranik 1984,

Chavez and Berlin 1984 and Connors et al 1984).

SPOT simulation investigations carried out in Europe, particularly
in France, are also very wide ranging. For example, the Central French
Agency for Agricultural Statistics have been examining the possibility
of incorporating SPOT remote sensing data in to its system of
agricultural statistics (Saint et al 1981). Combeau and Noel (1981)
and Revillion (1981) evaluated the ground resolution characteristics of
the SPOT simulated imagery for the landuse mapping of a highly
heterogenous, complex small scale agricultural plots of Porto-Vecclico
in Southern Corsica and very large scale plots of the Paris Basin. The
increased high ground resolution offered by simulated SPOT imagery over
the Landsat MSS was also examined for urban land .use-mapping (Ballutch
et al 1981), for the detection and mapping of dying Oaks of Troncais
forest (Riom and Torres 1981), for the detection of forest stands of
the Landes Forest of S.W. France (Greyon et al 1981) and for the
investigation of coastal studies, primarily the intertidal zone of the

Loire estuary in France (Belbeoch and Loubersac 1981).

A similar SPOT simulation programme was carried out in the U.K.
The objective of the programme in the U.K. was to examine the potential
of SPOT data especially its higher resolution effect on aspects of the
environment, which included the contemporary coastal and hydrological

processes, the distribution of geological resources, and land use. The
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most recent work in the UK on SPOT simulated data potential was centred
around agriculture (Betts et al 1986, Harris & Weaver 1985, Hume et al
1986, Wright and Birnie 1986, Essery and Wilcock 1986), water resources
and environmental applications (Budd 1985, Chidley and Drayton 1986,
Davis and Chaston 1986) and urban planning (Buchan and Hubbard 1986).
In most of these above mentioned studies it was concluded that the SPOT
simulated data showed a considerable improvement in image

interpretation because of improvement in spatial resolution.

5.2 Objective

In the context of the present study, the primary objective is to
evaluate the spatial and spectral characteristics of the simulated SPOT
data for the discrimination of surface types : bare peats, bare soil
and vegetation in the Glaisdale Moor test site. The specific spatial

and spectral related objectives are as follows:

(a) To use a series of statistical techniques to evaluate the spectral

relationship of the SPOT simulation data with the ground data.

(b) To assess discrimination performance of the three multispectral

SPOT bands.

The availability of airborne simulation data covering the SPOT

\ bands, not only at a nominal spatial resolution of approximately 20m,
but also at a nominal resolution of approximately 10m, provided an
opportunity to examine the effect of changes in spatial resolution on
the discrimination of land cover types found over Glaisdale Moor. In

addition to the two specific objectives mentioned above, Chapter also
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considers a third:

(c) The effect of spatial resolution on cover type discrimination

using multispectral data at the SPOT wavelengths.

5.2.1 The SPOT simulation data

The image data described here was part of a simulation programme
mentioned in the previous section. The simulation was carried out over
the North York Moors in the spring/summer of 1984 by Huntings
Geophysical Surveys Ltd. using a Daedalus DS-1268 scanner mounted in an
aircraft flown at an altitude of 7000 m (14 May 1984) and 3500 m (7
July, 1984) (Figure 5.1). The Daedalus 1268 scanner was configured to
simulate the satellite-data. The scanner's precise spectral ranges are
: band 1, 0.5-0.59 pm (green); band 2, 0.61-0.68 m (red) and band 3,
0.79-0.89 um (near-infrared). Because of altitudinal difference of the
scanner on the two dates, the nominal spatial resolution of the May

data was 20m and the July data was 10m.

5.3 Approaches

The study first concentrates on the analysis of pixel values
extracted from a subscene of the simulated SPOT data sets for May and
July 1984 covering Glaisdale Moor. In particular the aim was to
determine the relationships between certain ground variables and
spectral radiance in the simulated SPOT bands as measured by the

airborne scanner.
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Figure 5.1 Location of the SPOT simulation coverage

on North York Moors
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Subscenes of the two different images were displayed on a DIAD
interactive display device. The location of pixels coincident with
ground sample points was determined through a quantitative cross
correlation of land cover patterns in the imagery and 1 : 10,000 black
and white aerial photograph on which latter were located. DN values
for each selected pixel were output onto a terminal and noted down. An
underlying assumption was that the extracted pixel values were
representative of a particular land cover unit. In addition it was
assumed that the ground parameters measured on a single ground sampling
point were representative of the same parameter over the area on the
ground covered by the pixel. There was however a problem in relating
the pixel data of May and July 1984 with the ground variables measured
in May 1985, specifically with the dynamic variables such as the soil
moisture content and vegetation biomass. Bonn (1976) referred that the
collection of ground data synchronous with imaging is most desirable
when the observed properties are dynamic. Justice and Townshend (1981)
recognised that although such timing is ideal for interpretation of
imagery, practical constraints often hinder its accomplishment, such as
the present case, where imagery was acquired one year before the ground
sampling was done. However, as the soil moisture sample was collected
during the same season, it is assumed that the level of moisture
content in the soil would be reasonably similar. Likewise, the biomass
content during May 1984 and 1985 were not expected to be considerably

different partly as changes in cover types were expected to be minimal.

To analyse the spectral relationships with the ground data,
bivariate and multivariate relationships of the extracted spectral
point data and their corresponding ground data were examined. It was

anticipated that the spectral and ground spectral relationships of
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these temporal data would provide information on the relative
suitability of the May and the July data in terms of spectral

separability performance of the SPOT spectral bands.

The spectral data were further examined by discriminant function
analysis to select the best band and band combination that would give
the highest spectral class discrimination performance of the three
multispectral SPOT bands. This was followed by an analysis of a number
of image processing techniques including image enhancement, contrast
stretching, ratioing and maximum 1ikelihood classification. The

results were then compared with the air photographs.

5.4 Spectral relationships with the ground data

5.4.1 Descriptive measures

The descriptive measures of the SPOT May and July data show (Table
5.1) a considerable difference in their mean values, and ranges of the
July data vs the May data, in part due to differences in spatial
resolution of the two data sets; possible differences in ground
conditions; together with the likely variations in atmospheric
conditions of two dates, and the lack of calibration of the imagery.

Table 5.2 shows two aspects:

(a) The mean DN values for the SPOT band 1 and band 2 are very

similar.

(b) The characteristic surface type variation : vegetation, bare peat

and bare soil has been reflected in their respective mean spectral



, Table 5.1

Descriptive measures of simulated SPOT May and July data

a. May
Variable Category N Min. Max. Mean STD Dev. Skewness Kurtosis
SPOT 1 Vegetation 40 23.0 27.0 24.87 1.48 122 -1.506
SPOT 2 " 40 24.0 29.0 26.55 2.06 .161 -1.510
SPOT 3 " 40 - 16.0. 22.0 19.57 1.29 .238 .350
SPOT 1 Peat 40 24.0 30.00 27.15 1.76 .288 -1.369
SPOT 2 " 40 27.0 33.00 29.35 1.91 177 -1.544
SPOT 3 " 40 16.0 25.00 19.07 2.24 .497 - .35
SPOT 1 Bare soil 40 32.0 84.0 47.07 13.68 .07 .046
¢ SPOT 2 " 40 33.0 196.0 52.97 16.84 .97 - .270
f' SPOT 3 " 40 20.0 52.0 32.87 9.22 .68 - .819
b. July | !

SPOT 1 Vegetation 40 50.0 59.0 52.72 1.99 .30 1.874
SPOT 2 g 40 50.0 62.0 54,22 2.31 .32 2.497
SPOT 3 " 40 41.0 59.0 50.75 4.94 .276 - .699
SPOT 1 Peat 40 55.0 77.0 61.92 3.51 .18 7.462
SPOT 2 " 40 55.0 76.0 63.50 3.30 .18 4.514
SPOT 3 " 40 41.0 61.0 51.80 5.25 .10 - .849
SPOT 1 - Bare soil 40 69.0 183.0 105.35 30.86 .769 - .449
SPOT 2 " 40 70.0 194.0 109.75 34.42 .730 - .604
SPOT 3 " 40 44.0 127.0 77.75 24.15 .354 - .979

26
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DN values. For example, the bare soil has the highest mean DN
value and it was followed by the bare peat and the vegetation.

The mean spectral curve of the three spectral classes

drawn for the vegetation, bare peat and bare soil using the raw DN
data as shown in Figure 5.2. Figure 5.2 reflects that in both the
May and July data, band 3 (near infrared) has the lowest mean DN
values, while band 2 (red) has the highest DN values. The DN
curves for both May and July data, thus appeared to be different

from curves plotted from the in situ spectral data (Figure 4.1,

Chapter 4). The lower DN values at the near infrared band were

unexpected.

The mean DN curves (Figure 5.2), therefore should be treated
cautiously, because it is not unlikely that the system parameters in
the SPOT imagery may have influenced the spectral response
characteristics of ground targets. Munday (1985) and others have
indicated that the spectral response characteristics of ground targets
are markedly influenced by the Landsat MSS system parameters. It is
important to stress that none of the May and July SPOT simulation
imagery have been calibrated. Therefore, it is essential to mention
that in using the DN values alone, incorrect conclusions may be drawn

about the spectral character of a given surface.

Before attempting any further measures on the spectral data, it
was essential to normalise both the May and July data (Table 5.1).
Different transformations were used to reduce the skewness of the May
and July data. The natural log transformation was relatively

successful in reducing the skewness (Table 5.2).



76

SPOT Simulation,May 1984 SPOT Simulation,July 1984
DN DN
80 - 110 T ‘-‘-.,o—-:-—\\\
o amom = \\
55 - N
. 100 N \\
\\
\\\
90 4 \\\
80 \\BARE SOIL
70 4
-— ome e wmo =S - e -~
80 1 S«
Sy
\\
-\,\PEAT
50 - T —\gcETATION
VEGETATION
15 v T ‘0 T A
1 2 3 1 2 3
SPOT Bands SPOT Bands
a) b)

Figure 5.2 Mean spectral signature for three surface types in Glaisdale

Moor: vegetation , peat and bare soil.



a. Raw data

Variable | N Min. Max. Mean STD Dev. Skewness Kurtosis
SPOT 1 May 70 - 23.00 47.00 28.25 5.66 1.44 1.21
SPOT 2 " 70 24.00 51.00 30.38 6.33 1.32 1.03
SPOT 3 " 70 16.00 31.00 20.87 3.07 1.33 1.66
SPOT 1 July 70 50.00 183.00 65.31 25.63 2.79 7.85
SPOT 2 " 70 50.00 194.00 67.40 27.77 2.87 8.11
SPOT 3 " 70 41.00 127.00 56.28 16.54 2.73 7.57

b. Transformed data :
.32

SPOT 1 May 70 3,13 3.85 3 0.181 1.16 0.372
SPOT 2 " 70 3.17 3.93 3.39 0.189 0.97 0.171
SPOT 3 " - 70 2.77 3.43 3.03 0.137 0.95 0.723
SPOT 1 July 70 3.91 5.21 4.13 0.286 2.07 3.84
SPOT 2 " 70 3.9 5.26 4.15 0.295 2.16 4.18
SPOT 3 ! 70 3.71 4.84 4.00 0.228 2.01 4.4

g6

Table 5.2 Raw and transformed spectral variables, SPOT simulation May and July 1984
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The variables used in the analyses includes: soil moisture,
organic matter, surface sand, silt and clay, subsurface sand, silt and

clay and vegetation biomass.

5.4.2 Bivariate relationships

The bivariate relationships between the spectral variables and the
ground data were examined by scatter plots to visualize the
distribution pattern on the spectral image plane. The spectral
variables plotted against some of the ground variables are presented in

Figures 5.3 and 5.4,

In Figure 5.3, the scatterplot of soil moisture and May SPOT
simulated band 2 (red) indicates a negative trend, i.e. with increasing
soil moisture radiance value appears to decrease. Jensen (1983) also
observed similar spectral response between the visible wavelengths and
the soil moisture. The surface spectral reflectance continues to fall
until the soil is saturated; at which point further additions of

moisture have no effect on reflectance.

The scatter plot of soil organic matter and May SPOT simulated
band 1 (green) in Figure 5.3 reflects a negative relation. A similar
negative relationship was also evident in the scatterplot of organic
matter versus DN values for July SPOT simulated band 2 (red) in Figure
5.4. Such a relationship supports the widely held view that as soil
organic matter is dark, its presence will decrease the reflectance.
Increasing organic matter up to 5% results in a rapid non-linear
decline in reflectance (Appendix 4). Both scatterplots as mentioned

above show a similar trend when compared with the Page's diagram.
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In respect of particle size, the scatter plots of silt content and
the May SPOT simulation bands 1, 2 and 3 (Figure 5.3) indicate a
negative trend. Similar negative trends are also evident in case of
sand and July SPOT simulation band 1 and 3 (Figure 5.4). This negative
trend in the present case might be attributed to the influence of
coarser particle size, such as sand and silt, in reducing overall
reflectivity. Bowers and Hanks (1965); Shockley et al (1962);
Obukhov and Orlov (1965); and Orlov (1966) concluded from their
studies that larger particle sizes reduce overall reflectivity.
Because of the fact that the smaller particle sizes smoothens the
surface thereby reflecting more of the incident radiation. Similar
reason can be attributed to the positive trend in scatter plots of clay
and July SPOT simulation bands 2 and 3 (Figure 5.4). However, this
behaviour contradicts that observed by Myers and Allen (1968).
According to them under natural conditions clay particles flocculates
to form large aggregates which often exceed the size of sand particles,
due to which clay-rich soils may exhibit lower reflectances. They
further argue that the natural state is further complicated by the
presence of moisture in the upper layers of the soil; when higher
moisture contents are combined with the larger aggregate sizes found in
clay soils an overall decrease in reflectance is to be expected. The
differences between the results presented here and those of Myers and
Allen (1968) may be indicative of a complex interaction between ground
variables and reflectance in Glaisdale Moor study area. Examination of
simple bivariate relationships may be misleading, and further work is
warrented in studying the combined interactions of ground variables as
they related to spectral radiance rather than treating them in

isolation.
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In addition particle size was determined for the upper 10cms of
the soil. Mean variations in particle size within that profile may not
be representative of the particle size distribution within the surface

few mm where energy-matter inactions takes place.

The scatter plot of vegetation biomass versus SPOT simulation band
3 (0.79 - 0.89um). (May), (Figure 5.3) shows a slightly positive trend
with increasing biomass intensity. This accords with what one might be
expected for this particular band. However, the scatter remains
unchanges in case of July SPOT simulation band 2 with the vegetation
biomass (Figure 5.4). The slightly positive trend in the May scatter
of vegetation biomass may be due to a substrate influence on spectral
radiance of vegetation. During May, the vegetation density remains
low, with regrowth just beginning. Parts of the substrate are exposed
and would therefore have a significant influence on the spectral
radiance. The relatively flatter trend of the July scatter (Figure
5.4) may possibly attribute to the fact that unlike the near infrared
(band 3), red (band 2) is less sensitive to vegetation biomass, i.e.
small change in biomass IR radiance relative to red. Such a
relationship was shown in a graph (Appendix 5), where it was apparent
that in a green leaf, lower spectral reflectance is to be expected from
red band. For further analysis of the spectral relationships with the
ground variables it is essential to know the strength of the relation

between the spectral and the ground variables.

Pearson's product moment correlation coefficients between SPOT
bands 1, 2, and 3 and the ground variables were calculated and the

results are presented in Table 5.3. The correlation results were



Table'5.3 Pearson's product moment correlation coefficient between the ground

variables and the spectral variables

. MAY JULY

Ground Variable N SPOT1 SPOT?2 SPOT3 SPOT1 SPOT?Z SPOT3
Moisture % 70 -.501** -.503** -.529** -.373** .353** -.244%
Organic Matter % 70 - . 487** ' -.450** -.413%* -.420%* L426%* -.377%*
Sand % 60 | -.107 -.102 -.146 - .436%* 43y* - .53
(Surface) T

Silt % 60 -.412%* _ =.417%* -.334%** -.265 .04 -.136
(Surface)

Clay % 60 077 .104 - .253 .420*%* NS Vil L484%*
(Surface) _ _

Sand % 60 1 -.026 -.037 -.042 -.228 .233 -.353**
(Subsurface ) _ ;

Silt % 60 -.095 -.084 -.107 -.1160 118 -.026
(Subsurface) o |
Clay % ' 60 .047 .057 .057 | .295%* 301+ T Rl
(Subsurface) L v

Biomass gm/m* 40 .514%** LH41** L450** I' L433%* L446%** .054

: |

**  Significant at .01
*  Significant at .05

16l
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indicative that only the moisture and organic matter variables are well
correlated with the spectral variables (significant at£= .01 level).

The overall correlation was rather poor.

In case of soil moisture, the correlation result must be treated
with considerable caution. If we assume that moisture conditions in
May 1985 were exactly the same as May 1984 when the images were
acquired, then the relationship may be valid. However, if conditons
have changed between acquisition of images and ground samples then
these correlations may not represent the true nature of the

relationship. They may be totally fortuitious.

The negative relationships between organic matter and the
simulated SPOT band 1, 2 and 3 (Table 5.3) in both May and July
suggests a reduction in spectral radiance in the 0.50 - 0.89%um
wavelength range with the increasing organic matter. Thus, it seems
inappropriate to fit a linear least squares when the relationship is
non-linear; higher correlations might be expected when fitting a

non-1inear polynomial.

The positive relations between the spectral data and the
percentage clay supports the similar findings with field radiometry
mentioned in Chapter Four. As Hoffer (1978) mentions the larger
particle sizes show a lower reflectance value because of a greater
scattering effect, while the finer particles such as clay reduce the
scattering effect because of its smoother surface. The negative
relationships of all the SPOT bands 1, 2 and 3 with sand and silt agree
with similar observations by Page (1974) and Hoffer (1978).
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In regard to the subsurface soil texture, the relationships as
shown in Table 5.3 should be treated carefully. The reason explained
by the fact that the incoming solar radiation is either scattered from
the earth's surface or absorbed and re-emitted in the thermal portion
of the spectrum (Goetz et al 1985). The process of scattering and
absorption takes place in the upper few millimetres of the surface.
Therefore, it is 1ikely that the subsurface sample would have little
effect on the radiance. For the same reason as just mentioned, if
there was any significant correlation, as in the case of sand and clay
with the July SPOT band 3 (Table 5.3) the relationship might be

fortuitious.

The relationships between the biomass and the simulated SPOT wave
bands indicates a slightly unexpected trend. Near infrared radiation
might be expected to increase with increasing biomass (eg: Curran
1985). Despite the Tow reflectance expected in visible wave bands and
higher reflectance expected in near-infrared band from a green leaf, in
the present case the reason mentioned before that during May as there
is very low vegetation growth, therefore, radiance remains higher in
the visible part of the wavelenghts. On the other hand, because of
substrate influence there would be some absorption effect in the near
infrared wave band (Curran 1985). In the present case this latter
effect can be attributed to the lower relationship of the infrared band

and the biomass.

The spectral relationships between the July SPOT simulated bands
and the biomass indicates an unexpected trend. This unexpected
relationship in part may be because of ground data acquisition versus

airborne data acquisition differences in temporal terms.
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Although the level of correlation between the spectral data and
the ground data was relatively Tower in the July data in comparison
with the May data, the number of correlated variables was much higher
in the July data. The lower correlation in the July data was possibly
due in part to the differences in spatial resolution between the May
(20m) and July (10m) imagery. With lower resolution (20m), because of
integration within the field of view, internal variations within the

covertype remain suppressed in comparison with higher resolution (10m).

The dominance of soil moisture (%) in the correlation with all the
SPOT bands 1, 2 and 3 (r = -0.50, -0.50 and -0.53 respectively) of the
May data was apparent. While in the July data, the soil moisture (%)
showed a lower correlation with all the bands (r = -0.37, -0.35 and
-0.24). The organic matter, however, correlates with all the bands
nearly equally in both the May and July, although slightly higher in
the May data. The variation in the correlation of the May and the July
data can possibly be explained by the dynamic nature of the moisture
content (Wright and Birnie 1986). The soil moisture content does vary
quite rapidly in time, whereas the organic matter content and soil
texture being inherent soil properties and do not vary rapidly. The
higher soil moisture content in the field duriné May may have masked
the influence of other ground properties especially the particle size,
and thereby the correlation figure was significantly lower with the
particle size. Conversely, the lTower moisture content in the field
during July had significantly reduced the moisture effect on the DN
values and thereby, the number of correlated ground variables were

higher.
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The poor correlation of both the May and July data as shown in
Table 5.3 implies that no single ground variable can be said to have a
dominant effect on the DN values. Possibly, the spectral class
variation in terms of DN values can be better explained by the ground

variables together and this is examined in the next section.

5.4,3 Canonical correlation

Canonical correlation was defined in the previous chapter (section
4.4.3) as the technique to evaluate the relationships between a set of
dependent variables and a second set of independent variables. From
the correlation matrix orthogonal canonical vectors are extracted, so
as to maximise the correlations between the components of the variables
of the independent variables set and those of the components of
dependent variables set. In other words, canonical vector I is located
so that the correlation between the scores on the independent variables
set for that vector and the scores on the dependent variables set is as
high as possible, and each subsequent vector is similarly Tocated among

the residual correlations,

In the present context, the objective is to verify what extent the
canonical correlations can explain the spectral variation in the
wavelength region covered by the simulated SPOT by the ground variables
considered. The ground variables were considered as an independent
variable (Group 1) and the spectral bands as dependent variable (Group
2). The program used was the MIDAS package available in Durham

University.
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The result of the canonical correlation is shown in Table 5.4, the
highest canonical correlation for the SPOT May data being 0.768 and the
corresponding figure for the SPOT July data was 0.825. The canonical
correlation result can explain, therefore, only 58% and 68% of the
spectral variation respectively with the available ground variables.
This may be due to variations arising from the contrasting spatial
resolutions between the two dates, but equally it may be that the
ground conditions in July 1985 were more similar to those at the time
of ground sampling in May of the previous year. However, the canonical
correlation result must be treated with care given that some of the

ground variables considered are dynamic.

5.4.4 Multiple correlation

The canonical correlation just mentioned above (Section 5.3)
indicated the degree of achievable accountability in the spectral
variation. However, it was essential at this stage to establish the
relationships of individual bands with the ground data in a group. It
was most likely that the response of the joint effects of the ground
data would vary in different spectral bands. In order to examine the
influence of all the measured ground variables on spectral radiance in
each band, multiple regression was employed. Like the canonical
correlation, the spectral variables were regarded as the dependent

variable and the ground data as the independent variables.

The results of the multiple regression analysis are reported in
the Table 5.5. It appears that the variation in bands 1 (green) and
band 2 (red) accounted for by variations in the ground variables are

similar.



Table 5.4

Canonical correlation of ground and spectral variables

Dependent
variable
(Group IT)

IT

I1I

Significance

May
SPOT 1
SPOT 2
SPOT 3
July
SPOT 1
SPOT 2
SPOT 3

60

60

0.768

0.825

0.538

0.592

0.222

0.296

0.0001

0.0001

’ Independent variables (group I) included: soil moisture (%), Organic matter (%), surface sand

silt (%), clay (%) and subsurface sand (%), silt (%) and clay (%).

(%),

Lot



Table 5.5 Multiple correlation between the single channel spectral variables and the ground variables

Dependent N Multiple R R F. Significance
variable .
May
| SPOT 1 60 0.733 0.537 7.40 .001
SPOT 2 60 0.722 0.520 6.93 .001
SPOT 3 60 0.748 - 0.560 8.11 : .001
July | |
SPOT 1 60 0.802 0.644 11.55 - .00]
SPOT 2 60 0.803 0.644 11.56 .001
.SPOT 3 ' 60 N 0.798 0.636 11.17 .001

801

Independent variables 1nc;&9éd: soil moisture (%), organic matter (%), surface sand (%),
silt (%) and clay (%) ani{surface sand (%), silt (%) and clay (%).
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The Tow correlations implies that other ground variables that were
not either measured (such as surface roughness) or considered here
(such as biomass) might be significant in explaining further the

spectral variations of the individual simulated SPOT bands.

Correlation coefficients for the July data set are slightly better
when compared with those for May data set. However, such a comparison
between correlation coefficients should be treated with caution bearing
in mind that the remote sensing data were gathered at different times,

and that they were not calibrated to some common reference.

It was clear from all the bivariate and multivariate analyses that
none of measured ground variables had any dominaht influence on the
spectral radiance in the simulated SPOT bands. However, other
variables that were not examined (e.g. biomass, surface roughness) may
be significant in explaining spectral variance. Further work is

required to elaborate on this.

5.5 Spectral separability

In order to evaluate the separability of the different surface
cover types found in the study area, as a function of their spectral
characteristics in the simulated SPOT bands, the data were analysed
using stepwise linear discriminant analysis. The technique provides an
objective means to assess the spectral class discrimination performance

of the three multispectral SPOT bands.

The mathematical objective of this technique is to weight and

Tinearly combine a set of discriminating variables (the spectral bands
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in the present case) in a way that a set of a priori established groups
are forced to be as statistically distinct as possible (Klecka 1975).
The linear transformations on the original variates are defined as
discriminant functions, and are constructed to provide an optimum
statistical separation between specified groups relative to the scatter
within these groups. The assumptions used in discriminant analysis are
that the selected groups or classes have similar variance-covariance
matrices, and that the variables are normally distributed (Mather

1976).

A stepwise discriminant procedure was performed on spectral data
for the three Glaisdale Moor surface cover types; vegetation, peat and
bare soils. This particular approach selects variables for inclusion
in the discriminant function on the basis of their discriminating
power. At each step, the spectral variable that contributes
significantly to the separation of all the groups was entered, with
that having the greatest discriminating power being entered first. As
variables are selected for inclusion, some previously selected may lose
their discriminating power. This occurs because the information they
contain about group differences is now available in some combination of
the other included variables. Such variables thereby become redundant,
and are removed. A variable which has been removed at one step may
re-enter at a later step if it then satisfies the selection criterion

being utilized (Klecka 1975).

The selection criterion used in this case was the Mahalonobis D2
statistic, which is a measure of overall similarity, between two of the
closest groups based upon all the variables (Mather 1976). If D2 is
high then the two groups are similar, and conversely, if it is low,

they are well separted.
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For discriminant analysis, the SPSS package (Nie et.al. 1970) was
used. The data used in the analysis was the May and the July SPOT data

and the number of samplies for each class was 40.

In Table 5.6, results from the discriminant analysis illustrate
that the first discriminant function for May data set accounted for
88.8 per cent of the variance in the original spectral variables - the
3 SPOT bands. The second discriminant function (Table 5.6) of May data
accounted for 11.1 per cent of the variance in the brightness value of
all the SPOT bands for the three surface types. Therefore, it suggests
that only two functions are adequate enough to account for 100 per cent
of the spectral variation in all three of the simulated SPOT bands.
However, only moderate success in the classification was achieved of
the different cover types because the group mean score (mean
discriminant function score) was nearly similar for the May data. The
group mean score on each discriminant function provides a means for
determining the separability of groups along individual functions. For
example, differences between the group mean scores of each cover type
along the first discriminant function derived from the May data were
small. This is indicative of problems in separating the three cover
types using data for three spectral variables measured in May. In
particular, the group mean scores for the vegetation and bare peat in
the two discriminant functions were very narrow, suggesting that
separating these two groups would be more problematic. This was
evidenced by an overall classification accuracy of 74.1 per cent (Table

5.6).

Like the May data, "a reduction of the dimensionality of the data"
(Swain 1978) was achieved with the July data. Two functions accounted

for 100 per cent of the spectral variations (first function, 98.2 per



Table 5.6

Discriminant analysis

results for SPOT simulation

peat and bare soil

with vegetation, bare

Function

Percent of Group Mean Score
Variance -
- Vegetation Bare Peat Bare Soil
a
y 1 88.83 -0.959 -0.865 1.825
2 11.17 0.551 -0.570 0.019
July
] 98.02 -1.448 -0.599 2.048
2 1.98 0.217 -0.286 0.069
- Percentage of correct classification
Predicted
Actual
Vegetation Bare Peat Bare Soil
May '
Vegetation 70.0 30.0 0.0
Peat 20.0 80.0 0.0
Bare soil 12.5 15 72.5
' Overall classification accuracy 74.17 '
July ‘ -
Vegetation 87.5 12.5 0.0
Peat 30.0 67.5 2.5
Bare soil 5.0 15.0 80.0

Overall classification accuracy 78.33

2l
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cent and second function, 1.98) in all the simulated SPOT bands. The
second function of the July data however suggests that this would not
contribute to any great extent to the discrimination between the
groups. The group mean score was slightly improved for the July data,
especially between the vegetation and bare peat with function 1 and
this has resulted in the overall classification accuracy, at 78.3 per
cent. The reason for differences in classification accuracy of the May
and the July data may be because of their contrasting spatial

resolution,

Townshend (1980) identified that changes in classification
accuracy with spatial resolution arise from two conflicting trends.
Firstly, the variance of spectral response will decline with coarsening
resolution which will usually help improve classification accuracy.

The degree of spectral heterogeneity within a cover class controls the
strength of improvements. Secondly, with coarsening resolution
boundary pixels will increase and this will tend to lower
classification accuracies. These increasing and declining trends in
classification accuracy are themselves largely a function of the

spatial properties of the terrain which is being observed.

In the present case, it may be that 20m spatial resolution of May
simulated SPOT data has exceeded the inherent spatial variability of
the terrain, resulting in an increase in the number of boundary pixels.
As boundary pixels record a mixed response from the two cover types,
spectral separability may be reduced and classification accuracy would
tend to decline. Conversely, with the 10m spatial resolution of July
simulated SPOT data the number of boundary pixels might have decreased

i.e. the pixels 1ie within the dimensions of the inherent variability
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of the cover types. The number of mixed pixels would correspondly
decrease and classification accuracy might be expected to increase.
This represents one possible interpretation of differences in the
classification accuracy between the two dates. Additional work is
required to accurately resolve the causal mechanisms for these
differences. The distribution of the spectral classes in the
discriminant function feature space (Figure 5.5) has reflected the
group mean score which shows that the vegetation was highly
misclassified with the peat in the May data in comparison with the July

data.

The probable reason for the misclassification of vegetation with
the peat in the May data was the high bare peat to vegetation cover
ratio. The high bare peat to vegetation cover ratio slightly improves
during July as the regenerated vegetation begins to appear on the
surface and thereby reduces the spectral similarity in the vegetation
and the bare peat. The high vegetation cover ratio effect on the
spectral class discrimination using simulated SPOT data was also

reported by Sailer et.al. (1984) in the USA.

Table 5.7 lists the sequence in which the SPOT bands (both May and
July) were selected by the discriminant function. The Wilks-Lambda
values were calculated. Wilks's lambda is a multivariate measure of
group differences over several variables (the discriminating
variables). The lambda is an 'inverse measure' of the discriminating
power in the original variables which have not yet been removed by
inclusion in the discriminant function. Values of lambda which are
near zero denote high discrimination (i.e: the group centriods are

greatly separated and very distinct relative to the amount of
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Figure 5.5 Scatter plots of three surface types shown on two discriminant

function axes. 1 = vegetation , 2 = peat and 3 = bare soil.

a) May data and b) July data

Note that in both a) and b) the

group mean score for the vegetation ard peat in both functions

is very narrow.



116

Table 5.7 Summéry table for stepwise discriminant analysis for
SPOT simulation
Variable Wilk's AWilk's

Step entered Lambda Lambda
. May

1 SPOT 2 0.403

2 SPOT 3 0.337 © 0.066

3 SPOT 1 0.303 0.034
July

1 SPOT 1 0.374

2 SPOT 3 0.314 0.06

3 SPOT 2 0.292 0.02




117

dispersion within groups). As lambda increases towards its maximum
value of 1.0, it is reporting progressively less discrimination. When
lambda equals 1.0, the group centriods are identical (no group

differences) (Klecka 1980).

The Wilks's lambda has indicated the discriminating power provided
by each variable in the discriminant function. The SPOT band 2 (May)
and band 1 (July) were identified as having the greatest discriminating
power for the surface types examined. The second band selected by the
discriminant analysis was band 3 in both the May and July data. The
selection SPOT band 2 in the May data and band 1 in the July data may
in part due to the vegetation versus substrate effect, which is higher

in May.

Improvements in the overall classification accuracy of Glaisdale
Moor surface types could be achieved using two possible solutions. The
first would be to increase the sample size for each surface types;
such as peat, vegetation and bare soils. This could yield a more
éccurate characterisation of the cover types in spectral terms, thereby
increasing classification accuracy. The second would be to examine the
radiance in wavelength bands different to the simulated SPOT system in
order to determine if greater discrimination is possible. The effects

of the later solution are examined to a limited extent in Chapter 6.

5.6 Image processing and results

In the previous section, results from the discriminant analysis
indicated that the July data set was more suitable for the overall

higher level of discrimination among the major surface categories, such
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as the vegetation and the bare soil. It was therefore decided that for

subsequent image analysis only the July data would be used.

The image processing system used in the analysis is a DIAD system
installed on a PDP 11/44 computer. The imagery was analysed to examine
whether each of the major cover types could be delimited consistently

from the others.

5.6.1 Image classification

A 512 x 512 pixel sub-scene was extracted from the main image.
The subscene was first examined in each of the SPOT bands, then in
false colour composites. Band ratios and a maximum Tikelihood

classification were also generated from these data.

The single band imagery shows a large scale variation within and
among the covertypes appearing as wide variation in grey tones.
Similar levels of variation between cover types were apparent as the
blue to red gradations in FCC's (false colour composites) of the three

SPOT simulation bands (Figure 5.6).

Analysis of the FCC's (Figure 5.6) shows that exposed blanket peat
(pale blue and black) could be recognised relatively easily. The
calluna covered areas appeared bright and because of high infrared
sensitivity. The senescent sphagnum could be compared with some bare
mineral soils. In the FCC's wet peat appeared as black, while the dry
peat was difficult to separate from the bare soil especially where the
bare soil has still a thin veneer of peat mixed with the bare mineral
soils. The large gullies within the blanket peat were identified as

they appeared black probably because of the water they contained.
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differences between vegetation versus non-vegetation. The variations
displayed in this ratio were enhanced further using density slicing to
produce a colour representation of the extent and variations occuring
between and within cover types (Figure 5.8). The band ratioing was
moderately successful in delimiting the blanket exposed peat (purple)
from the bare soil (black) and vegetation (white, green and light

blue).

FCC's provided a guide to the spatial distribution of the main
cover type, as did the ratio. However, as mentioned previously, the
interpretation of these data was subjective, and therefore, prone to
error. A more objective approach to the delineation of the main cover
types would be through the automated classification of the imagery.
One approach is through the use of a supervised maximum 1ikelihood

classification.

The maximum likelihood classifier uses a probabilistic
discriminant function in order to assign data (i.e: pixels in the
image) to pre-defined groups according to statistical parameters
estimated from the covariance matrix of each training set. From a
knowledge of the prior probability of allocation to each class a
conditional probability is calculated for each pixel according to its
spectral values and this is compared to the class conditional
probability density functions for each class. Because each pixel value
possesses a non zero probability it will always be allocated to the
class at which the estimated conditional probability density function

is maximised.



Figure 5.8 A band-3/band-2 ratio image of Glaisdale Moor. Approximate area of the
image is 2.5 km x 2.5 km. Purple = Peat, Black = Bare soil and others = Vegetation.

¢el
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This method is a parametric technique, it assumes a multivariate
normality of training set data as covariance matrices are used to
estimate the magnitude and direction of the probability density
functions for each class. Probability density functions are estimates
and so they will not perform as well as if we know their true values.
Because the maximum likelihood decision rules are optimised for
training set parameters extrapolation to ther image data will not be
optimal even when such data are random samples drawn from the

distribution.

The results of maximum likelihood classification are presented in
Figure 5.9. Ignoring the classification external to the Glaisdale Moor
study area, a subjective assessment of the results from this
classification indicated that broad categories : vegetation, peat and
bare soils are separable with a considerable success. In the
classification map, exposed peat appears as green, vegetation as red
and bare soils as blue. Although to a greater extent the exposed peat
has been classified, however, some smaller patchy vegetation and dry,
dessicated sphagnum moss are misclassified as peat. Similarly, smaller
bare soil units are also misclassified as peat, especially where
subsurface soils are recently exposed. Scenescent Sphagnum moss, with
partially decomposed appears to be an important source of error in
classification between vegetation and peat. Quantitative measures of
correct and incorrect classification were not possible in this
instance, and therefore the objective comparison between results
obtained from this approach and the others mentioned previously could

not be determined.
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5.7. Conclusion

The objectives of the chapter were to assess the spectral
characteristics, assess the spectral class discrimination performance
and evaluate the surface type discrimination performance of the SPOT

wave bands. The following observations and suggestions are made.

(a) Both bivariate and multivariate analyses suggested that no single
ground variable can be said to have dominance over others in terms of
accountable spectral variation. The ground variables in a group can
better explain the spectral variation, the highest being 58% for the
May and 68% for the July data. Such a difference in accountable
spectral variation may have arose in part from the contrasting spatial
resolutions between the two dates, and in part as a result of the
ground conditions in July 1985 being more similar to those at the time

of ground sampling in May of the previous year.

However, such a comparison of accountable spectral variation
should be treated with caution as, the images were not calibrated to
some common reference and some of the ground variables considered

(e.g; soil moisture) are dynamic phenomena.

(b) The discriminant analysis suggested an overall classification
accuracy of 74.1% for the May and 78.3% for the July data
respectively. The difference in classification accuracy between these
two dates can be attributed to their contrasting spatial resolution,
being 20m for May and 10m for July data. With 20m spatial resolution

of May simulated SPOT data, number of boundary pixels are expected to
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be higher; conversely such a boundary pixel problem might be decreased
with 10m spatial resolution July data, thereby classification accuracy

is higher.

(c) The result of the imagery analyses implied that the increased
spatial resolution was sufficient enough to expose the details even in
a small area with intricate variations, such as Glaisdale Moor.
However, it was equally the fact that due to the minute detail in
spectral variation it was difficult to map clearly the eroded surface.
The enhanced imagery allowed only to distinguish the broad surface

types more easily.

Interpretation of the False Colour Composite indicates that
exposed peat could be recognised with ease, although some confusion
remains to separate dry peat from bare soil, especially where the bare
soil has a thin veneer of peat mixed with the bare mineral soils.
Considerable difficulty was also encountered when trying to separate
bare soil from agriculture land cover types. A band ratio 3/2
(infrared/red) was useful in delimiting the blanket exposed peat from

‘the bare soil and vegetation.

An interpretation of the maximum likelihood classification result
suggests that broad categories : vegetation, peat and bare soils could
be effectively separated although some misclassification might occur in
some cases between smaller patchy vegetation and dry dessicated
sphagnum moss with peat. The FCC's, ratio image and maximum 1ikelihood
classification map provided a guide to the spatial distribution of the
main cover types, however, the interpretation and comparisons should be

viewed as subjective.
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Having demonstrated the spectral class discrimination and the
spatial classification ability of airborne SPOT data for Glaisdale
Moor, the analyses were repeated for the Landsat Thematic Mapper data
to see if there could be any further improvements in the classification

ability of the surface types.
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6.1 Introduction

With the Taunch of Landsats 4 and 5 in 1982 and 1984,
respectively, a new generation of Landsat Thematic Mapper data have
been introduced to the user's community. Although the geographic area
covered by both the Landsat MSS and TM sensors is virtually identical,
the TM has greatly improved spatial, spectral and radiometric
resolutions (Lathrop and Lillesand 1986). These sensor refinements are
expected to enhance the usefulness of TM data relative to MSS data
(Irons and Kennard 1986). Detailed descriptions of the TM are provided
in Engel and Weinstein (1983), Barker (1983), Beyer (1983), Anuta et al
(1984), Malila et al (1984) and NASA (1984).

Thus, Landsat Thematic Mapper (TM) data with its favourable high
spatial resolution may offer possibilities for the assessment and
mapping of open moorland erosion and degradation. Landsat TM data have
already been utilized in a wide range of environments for the
observation of physical surface features as well as for the

classification of land use and land cover.

While broad classification, delineation and mapping of some
environmental aspects, such as wet land with MSS was more successful
(Carter 1978, Ernst and Hoffer 1979, Caster and Richardson 1981,
Bartlett and Klemas 1982) however, these had some difficulty in
classification of other aspects. For example, Landsat MSS was less
successful in the classification of forested regions (Beaubin 1979,
Harris et al 1978, Bryant et al 1980, Latty and Hoffer 1981, Markham
and Townshend 1981) and problem were also encountered in delineation of

urban and suburban land covers (Carters and Jackson 1976, Jensen and
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Toll 1982). These limitation are generally attributed to the poor
spatial resolution of the MSS (Haack et al 1987).

Prior to launching the TM, scientists examined airborne TM data
(simulated to match TM characteristics) in order to determine what
improvements in land use and land cover identification can be expected
from the new data (Dottavio and Dottavio 1984). The simulated TM data
have been analysed by Latty and Hoffer (1980) over a forested region in
South Carolina; Teillet et al (1981) in British Columbia, Canada;
more recently Nelson et al 1984 in Maine and by Hack (1983) and Toll
(1984) for urban land cover delineations. Most‘of these studies
concluded that TM data would be more useful than MSS for discriminating

land use and land cover types.

The critical aspect of the TM data based land surface type
classification Ties in the classification accuracy which in general is
a function of the smaller number of boundary pixels and the spatial
resolution (30 m) of the image data (Ioka and Koda, 1986). Extensive
effort was made by Williams et al (1984), Toll (1984, 1985) & Irons et
al (1985) to explain the effects of the Landsat TM improvements on
classification accuracy. Their studies revealed the fact that while
the improved spectral and radiometric characteristics have increased
the classification accuracy, the improved spatial resolution on the
other hand substantially decreased the classification accuracy for some
applications. Thus, it appears that the relationship between the
spatial resolution and classification accuracy are closely integrated.
Townshend and Justice (1981) and Markham and Townshend (1981) explained
the high spatial resolution effect on classification accuracy. They

believed that since the increase in spatial resolution generally
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results in an increase in the variance of pixel values in the feature
space, the classification accuracy as a result tends to decrease.
Conversely, the lowering in spatial resolution reduces the number of
mixed or boundary pixels, and hence higher accuracy may be achieved
(Thomson et al 1975, Pitts and Badharar 1980, & Jackson et al 1983).
Iron et al 1985 concluded with the idea that the ultimate effect of
increasing spatial resolution depended on the spectral and field

dimension attributes of the land cover categories.

Considering the previous classification accuracy with the ground
radiometer data (61.4 per cent) and with 20m (May) and 10m (July)
spatial resolution airborne SPOT data (78.33 per cent) as reported in
Chapters 4 and 5 respectively it was anticipated that TM data with 30 m
spatial resolution would further improve the overall classification
accuracy. Thus, in the present research, attempts will be made to
assess the improvement of Landsat TM data in spectral discrimination of

the moorland surface types.

6.2 Objectives and approaches

The research aim of this chapter is to evaluate the spatial and
spectral characteristics of the Landsat TM data. The emphasis will be
on the spectral discrimination of vegetation, bare peat and bare soil
in the Glaisdale Moor study area. The specific spatial and spectral

related objectives are as follows:

1) To evaluate the spectral relationship of the Landsat TM bands,
with the selected ground variables. The aim of this evaluation is

to determine the impact of ground variables on the spectral
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response of surface types sensed by the Thematic mapper. The
spectral response in all the TM bands (except the Thermal band 6)
were statistically tested against 10 related ground variables to
determine the degree to which all ten variables and each
individual ground variable influence the spectral response of the
surface types. The implication of such an identification of
statistically significant environmental variables which explain TM
spectral response is that it will improve the effectiveness of
cover type mapping by detailing which environmental variables are
vital as in situ measures for correlation to remotely sensed

information.

To assess the spectral class discrimination performance of the

Landsat TM bands.

To evaluate the spatial cover discrimination performance of the

Landsat TM bands.

The study first examines the test pixels extracted from the

subscene of Landsat TM image using a series of statistical techniques

ranging from simple descriptive measures to multivariate discriminant

analysis. This was followed by the various image classification

techniques including image enhancement, contrast stretching, ratioing

and supervised classification.

6.3 Thematic Mapper data

The Thematic Mapper (TM) operates in seven spectral bands, six of

which were selected primarily for vegetation monitoring, the seventh
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for its ability to discriminate between rock types. To improve the
radiometric accuracy of the data the range of values has increased from
0-64 to 0-256. A further advantage of the TM is its high spatial
resolution, being 30m x 30m in all but band 6 which made it possible to
classify areas as small as 2-4 hectares. More detailed characteristics

of the TM are given in Table 6.1.

Calibrated TM data used in this analysis were collected by
Landsat-4 on 23 April 1984, The thermal infrared data, which have
120-m spatial resolution were not used here and therefore, band 6 was
dropped from the subsequent analysis. A 512 x 512 subscene covering
the Glaisdale Moor was used in this analysis. Using a cursor on the
screen 40 pixel values of each TM bands were taken randomly for each of
three surface types : vegetation, peat and bare soil. The pixel values
(DN, brightness value) were then used in the subsequent analysis to

relate to the ground data and later in the spectral discrimination.

6.4 Spectral relationships with the ground data

6.4.1 General characteristics of the spectral data

The descriptive measures of the raw spectral data (Table 6.2) show
that TM bands 2, 3 and 4 have lower ranges compared with bands 1, 5 and
7. The close mean values in the visible bands (20.4 for band 2 and
22.9 for band 3) and near infrared band (30.4 for band 4) probably
suggest that these bands will provide near similar spectral response in
the test site. TM bands 1, 5 and 7 data have a wider spectral range
(72.4 for band 1, 69.1 for band 5 and 104.2 for band 7), which perhaps
indicates the suitability of these bands for better separability of

surface types in the test site.
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Quantization levels 256

* NEAP
** NETD

(Source :

Table 6.1 Thematic Mapper spectral characteristics
Spectral range| Radiometric Principal application
Band (mm) Sensitivity
(NEaP)*

™1 0.45 - 0.52 0.8% Coastal water mapping

soil/vegetation different-
iation
™2 0.52 - 0.60 0.5% Green reflectance by
» healthy vegetation

™3 0.63 - 0.69 0.5% Chlorophyll absorption for
plant species differentiation

T™4 0.76 - 0.90 0.5% Biomass surveys

™5 1.55 - 1.75 1.0% Snow/cToud differentiation

T™M6 10.4 - 12.5 0.5k** .Thermal mapping

. NETD
™7 2.08 - 2.35 2.4% | Hydrothermal mapping
Ground 30 M (Band 1-5,7)
120 M (Band 6)
Data Rate 85 MB/ S

: Noise equivalent change in surface reflectance

: Noise equivalent temperature diff.
Salomonson et al 1980)




Table 6.2 - Descriptive statistics of the Landsat TM data of Glaisdale Moor

a. Raw data
Variable N Minimum Maximum - Mean ~ STD Dev. Skewness Kurtosis

™1 | 70 16.000 247.00 72.429 76.178- 1.517 .698
™2 70 16.000 . 39.000 20.400 6.1300 1.893 2.415
™3 70 16.000 53.000 22.929 7.2738 1.697 3.028
™4 70 16.000 55.000 30.400  9.8502 .583 -.187
™5 70 13.000 247.00 69.143 67.959 1.634 1.407

f ™7 70 23.000 255.00 - 104.23 66.145 1.271 .368

b. Transformed data -
™1 70 1.2040 2.3930 1.6747 38280 .642 -.553
™2 70 1.2040 1.5910 1.2945 .10788 1.562 1.366
™3 70 1.2040 1.7240 1.3427 .11862 1.052 471
™4 70 1.2040 1.7400 1.4605 . 14056 .015 -.992
™5 70 1.1140 2.3930 1.6796 .35858 .563 -.526
™7 70 1.3620 2.4070 1.9435 .25188 - .243 -.195

9¢i
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The spectral response of the TM bands 2, 3 and 4 are generally
controlled by vegetation, particularly the presence of chlorophyll and
the physical structure of the leaves. Thus, quite expectedly the lower
spectral range of bands 2, 3 and 4 can be attributed to the surface
condition of the study area, particularly its bare peat and bare soil.
Similarly, the higher spectral range of TM bands 1, 5 and 7 are perhaps

mainly associated with the high moisture bearing peat of the test site.

In previous studies, Salomonson et al (1980) and Townshend (1984)
mentioned that the TM band selection was intended to take advantage
of distinctive characteristics of the spectral response of vegetation.
This was reflected in the spectral data range (Table 6.3) of the
present study which shows that water absorption TM bands 5 and 7 are
most highly correlated (r = 0 0.890 and 0.898) with band 1. The other
most notable high correlation is with TM band 2 (r = 0.862) with band
3. The high correlation between the band 2 and 3, and 5 and 7 possibly
indicate that one of the bands from each group will be redundant.
These results suggest that the possible spectral band combination : one
each from the visible, the near-infrared and middle infrared (band 5 or
band 7) would be likely to perform as the best discriminant
combination. Similar band combinations were also reported by Townshend

et al (1983).

6.4.2 Correlation between ground and spectral data

Pearson's product moment correlation between the ground data and

the TM data was employed. The same ground data referred to in the

correlation with the ground radiometer data were applied here (Chapter



Table 6.3

VARIABLE

™1

™2

™3

™4

TM5

™7
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Pearson's product moment correlation of extracted

pixels of Glaisdale Moor, for the six Thematic

1.0000
L7220+
L7999 *
.6478**
18909**
.8980**

™1

1.0000

.8624**

.7263**

.7439**

.6898**

™Z2

** Significant at 99% level

Mapper bands

1.0000
.7954** 1,0000

.7867**  .7265** 1.0000
L1273*%*  5679* .9037**

™3 ™ - M5

1.0000

. TM7



139

4). The problems of relating data from different dates were recognised
here, and the limitations arising from this problem were discussed in

Chapter 5 (Section ).

The raw TM data was transformed into natural log (Table 6.2)
before it could be used in the correlation. The correlation result,
presented in Table 6.4 indicates that only soil moisture and organic
matter and to some extent the surface silt content are moderately
correlated with the TM bands. Considering the dynamic nature of soil
moisture, as discussed before in Chapter 5, section 5.4.2, the
correlation must be treated with care. The negative relationships
between organic matter and Landsat TM bands, also confirms the similar
result obtained with simulated SPOT bands reported in the Chapter 5,
section 5.4.2. The relationships between the biomass and the Landsat
TM bands are very poor. The TM bands 2, 3 and 4, which are in spectral
form similar to the SPOT simulated band passes appear to be poorly
correlated with the biomass. This may be explained by low levels of
biomass in April. Influence.of soil substrate on reflectance remains

more significant at low levels of biomass.

The relationships between surface soil texture and Landsat TM
bands also appears to be poorly correlated. Only surface silts appears

significantly correlated with spectral radiance.

Non significant relationships of the Landsat TM bands spectral
advance with subsurface woil texture may be attributed to the same
reason as mentioned in the previous Chapter 5, section 5.4.2, namely
that the process of scattering and absorption takes place only in the
top few millimetres of the surface. Therefore, these would have little

effect of the subsurface on spectral radiance.



Table 6.4

Pearsons product moment correlation between the ground variables and TM data

, Organic Surface | Surface | Surface Sub- Sub- Sub-
Variable [Moisture |matter Slope Biomass sand silt clay surface | surface | surface
9 v ‘gm/mV 9 g 9 sg.nd S%]t c%ay

™ -.4181** |-.4743** | -.2091 3225%  |-.1160 -. 4564 ** .1549 -.0720 -.1100 .0713

™2 -.3707%* |-.4671** | 0965 | .1295 |-.0936 -. 2482 .0544 | -.0017 | -.0230 | -.0566

™3 -.4742*%* | -.5269** | -.0504 1822 -.0047 -.4746%* .0382 .0701 -.1353 -.1096

™A -.4623** | - . 6024** 0719 | .1910 -.2154 -.2588 1625 | -.2390 .293 2721

™5 -.3645%* |-, 3245** | -.0989 .2618 -.2013 -.4369%* .2077 -.1238 -.0299 .0760

™7 -.3190** | -.2370* -.1378 .3869* |-.1680 -.3781** .1625 -.0909 -.G88 .0376
Number of cases : TM1 - TM7 = 70
Moisture = 70
Organic matter = 70
Slope = 70
Sand = 60
Sﬂt] Surface = 60
Clay = 60
Sand —; ' = 60
Silt l Subsurface = 60
Clay _ = 60

** Significant at e = .0l
* Significant at e = .05

ol
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The importance of soil moisture, organic matter content and
surface silt in determining the range of spectral response in TM bands
is clear. However, it is also apparent that none of the ground
variables have any clear domination over others in controlling the
spectral response. The highest explainable spectral variation (TM band
4) would be achieved by organic matter (r2 = 36 per cent). A similar
poor correlation result was also observed with the ground radiometric
data. These poor correlations may relate to the problems of trying to
compare data from different dates as discussed before in Chapter 5,
section 5.4.2. Thus, in the next section canonical correlation was
employed in various TM spectral band combination and ground data in
different groups, in order to increase the accountable spectral

variation.

6.4.3 Canonical relationship

Canonical correlation was calculated using the TM spectral bands
as dependent variable and the-ground data as independent variables.
The results, given in Table 6.5, clearly show the significant
improvement in the correlation result. The first and highest
achievable canonical correlation being r = 0.806 (significant at 99.9
per cent level) was a significant improvement in terms of accountable
spectral variation. The correlation with fewer band combinations and
small number of ground variables, however, significantly lowers the
canonical correlation result. For instance, the correlation result
(Table 6.5b) between TM band 2, 3 and 4 (similar to SPOT) and the soil
moisture, soil organic matter and slope was only r = .665. Similarly,
with the same ground variables, the TM band 1, 5 and 7 (Table 6.5c) has

the correlation result of only 0.572.
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Table 6.5 Canonical correlation of qround and spectral variables
(TM bands)
Correlation
Group I Group II 1 11 IT1

a)

S0il moisture ™1

Organic matter T™M2 0.806 0.627 0.466

M3

Sand — T™4

Silt. Surface ' T™5

Clay — ™7

Sand —

Silt Subsurface

Clay —

Slope

Number of cases = 60

I b)) - ) . . .
Soil moisture ™2
Organic matter . ™3 0.665 ~ 0.28 0.03
Slope | : ™4
Number of cases = 70
c)
Soil moisture - ™I
Organic matter TMS 0.573 0.20 0.12
Slope : - ™7
Number of cases = 70
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6.4.4 Multiple correlation

The canonical correlation result has indicated the maximum extent
of explainable spectral variation with the selected ground data.
However, it is appropriate at this stage to establish the relationship
of individual bands with the ground data in a group. This objective
assessment would indicate which of the bands best relate with a
specified set of ground data. To achieve this, the multiple regression
technique was employed. Like the canonical correlation, the spectral
variables were regarded as the independent variables. The result
(Table 6.6) indicates poor accountability by all the ground variables
(highest being 52 per cent for the TM band 1, 5 in set a). The T™M
spectral accountable variation in all the bands further drop as the
inclusion of the number of ground variables reduces (highest being 40
per cent for the TM band 4 in set b, and 45 per cent for the TM band 5
in set c). These poor multiple correlations possibly may be due to the
integration of data from three spectrally distinct surface types, such

as vegetation, bare peat and bare soil.

6.5 Classification of surface types with spectral variables

One of the most fundamental issues in using remote sensing data is
how good are the spectral bands in measuring ground attributes. If
there is more than one, two or a combination of spectral bands suitable
for a particular surface type mapping, then the initial question is
which band or band combinations are appropriate. An answer to this
question needs to develop a classifier that will select the best bands
(Labovitz 1986). The selected best band or optimal band combinations,

thus, can be of great help in determining the levels of classification
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Table 6.6 Multiple correlations between the TM spectral bands

and the ground data

and slope

b)TM] 70 0.537
T™2 70 0.505
TM3 .70 0.569
™4 70 0.634
™5 - 70 0.401
™ 70 0.354

Independent variables included
and slope

1©)

™I 60 0.603
M2 60 0.433
™3 ' 60 0.578
™A 60 0.498
™5 60 0.675
™ 60, ~0.598

subsurface sand, silt and clay

Independent variables included :

0.288
0.255
0.323
0.402
0.161

0.125

0.364
0.188
0.334

0.248

0.456
0.358

Dependent N “Multiple R RS F Significance
variable
¥y 60 0.724 0.525 6.14 0.001
TM2 60 0.607 0.369 3.25 0.003
M3 60 ' 0.71 0.505 ° 5.68 0.001
™4 60 0.716 0.513 5.85 0.001
T™5 60 0.724 0.524 6.12 0.001
™ 60 0.648 0.421 4.04 0.001

Independent variables included ; moisture, organic matter,
surface sand, silt and clay, subsurface sand, silt and clay

: moisture, organic matter

8.929 0.001
7.538 0.001
10.535 0.001
14.816 0.001
4.224 0.008
3.154 0.030
5.06 0.001
2.04 0.07
4.44 0.00]1
2.92 0.01
7.42 0.001
4.93 0.001

surface sand, silt and clay and
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performance that could be obtained using only a subset of spectral
bands from the TM data. If this were possible, data quantity and

processing costs could be considerably reduced.

The optimal subset of bands are conventionally chosen by adopting
some form of empirical strategy. The most popular type of empirical
strategy is the stepwise strategy. Therefore, in the present analysis
a stepwise discriminant analysis was performed using the available TM

data set.

In general, the purpose of the stepwise procedure is to separate
the three known surface types (i.e. vegetation, bare peat and bare
soil) by their spectral characteristics. However, more specifically,

the purpose of this analysis can be threefold :

1) To find out the correlation between spectral variables (TM data

set) and the linear discriminant function;

2) To determine the overall classification accuracy;

3) To determine the sequence in which the TM bands were selected by

the discriminant function.

Spectral separation of surface types was achieved in the
statistical analysis by deriving linear combinations (discriminant
functions) of the TM bands that provided the greatest discrimination
among classes. In a stepwise procedure, individual bands would be
selected and placed into the linear function in order of the band's

decreasing discriminating power. In other words, at each step in the
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procedure, the band that maximized the separation between classes,
while minimizing the multiple correlation among the bands selected in
the previous step, was included in the derivation of the linear

discriminant function.

6.5.1 Correlations between the spectral variables and linear

discriminant functions

The correlation between each variable and the Tinear discriminant
function score for each sample was computed to examine the
discriminating variables, here the spectral variables and the
discriminant functions. Results of this analysis are presented in
Table 6.7, To facilitate interpretation, the matrix was ordered.
Variables are grouped according to the function with which they are
most highly correlated. Within each such group, variables were sorted
in descending order by the absolute value of the correlation

coefficient.

Table 6.7 illustrates that the first discriminant function was
only moderately correlated with the TM band 5 and band 1. This
moderate correlation in the first function indicates that although the
spectral response in TM-band 5 and band 1 differs considerably between
the surface types, this function would probably be important to
distinguish between surfaces. The second function, however, was
clearly better correlated with TM band 4 and moderate with band 7.
This correlation suggests that surface types in the present study site

can possible be best distinguished by TM band 4 together with band 7.
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Table 6.7 Correlations between spectral variables
(discriminating variables) and linear
discriminant functions
Spectral Function Sig:i;;cance
variable -
1 2

™S 0.609 -0.041 0.001
™1 0.599 -0.314 0.001
™3 0.530 0.197 0.001
T™M2 0.395 - 0.0587 0.001
™4 0.403 0.701 - 0.001
™7 0.539 -0.608 0.001
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6.5.2 Classification accuracy and the group mean score

Results of the discriminant classifier are presented in Table 6.8
which indicates a 95 per cent overall classification accuracy for the
three surface types. The discriminant function accounted for most of
the variance in the DN value of all the bad s for the three surface
types. Perfect classification wés achieved for the peat and bare soil,
which had distinctly different mean discriminant function scores for
the two classes (i.e. -2.78 for peat and 5.30 for bare soil).
Classification for the vegetation was not as accurate. There was
some confusion between the vegetation and bare peat surfaces, such that
15 per cent of the vegetation samples were assigned to the bare peat
surface. Bare soil was sufficiently different from either vegetation
or bare peat so that no confusion existed. The mean discriminant
function scores for vegetation and peat on the first and second
discriminant function were nearly identical (-2.52 and -2.78; 1.29 and
-1.25 respectively). Thus, the discriminant result clearly shows that
the bare soil can be successfully separated from both peat and - -
vegetation while there will be some misclassification between

vegetation and bare peat.

When the TM discriminant analysis results are compared with those
obtained using the ground radiometric data (similar to Landsat MSS wave
bands) and the simulated SPOT multispectral May and July data, it
appears that TM wavebands are more successful in separating the
Glaisdale Moor surface types. With 1m ground resolution, the ground
radiometric data shows a classification performance of only 61%, while
with the 10m ground resolution of the July simulated SPOT data,
classification accuracy improves up to 78%. This decreases by 4%

however with the 20m ground resolution May simulated SPOT data. The



- Table 6.8

Discriminant analysis results for Landsat TM with vegetation, bare

peat and bare soil

Group Mean Score

Function Percentage
of variance Vegetation Peat Bare soil
1 92.87 -2.52 -2.78 5.30
2 7.13 1.29 -1.25 -0.04
Percentage Correct Classification
Predicted
Actual Vegetation ?eat Bare soil
Vegetation 85.0 15.0 0.0
Peat 100.0 0.0
Bare Soil 100.0
Overall classification accuracy -95.0

vl - -
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highest classification accuracy (being 95%) was achieved using the 30m

ground resolution of the TM data.

The higher classification accuracy achieved with the TM data may
be due to that the TM data has higher spectral resolution (narrow band
width) and an extended spectral coverage. For example, in the ground
radiometric data (similar to Landsat MSS band passes), band widths are
broad (0.11 - 0.3um) and spectral coverage is limited (0.5 - 1.1um) and
there is no wave bands in the short wave infrared (1.1 - 2.5um) region.
In the simulated SPOT data there are only three spectral bands and band
widths are 0.5 - 0.89um. However, the SPOT data set is lacking in
coverage of the blue band in the visible region and no band in the
short wave region (e.g. TM band 5 and 7). TM band 1 (blue) provides
information for soil/vegetation differentation. TM band 5 and 7 are
more sensitive to soil moisture, and hence may be more effective for
separation of high moisture bearing peat from vegetation and bare
soils. Thus, high classification accuracy in TM data may be due to its
improved spectral separability of the cover types arising from the
improved spectral resolution and coverage. It may also be that the
sampling process in selecting pixels from each cover type avoided many
boundary pixels. The real determining factors for the increase in
overall classification accuracy compared with the SPOT data sets remain

undetermined.

6.5.3 Selection of optimal set of bands

Table 6.9 1ists the sequence in which the TM bands were selected
by the discriminant function. The Wilks-Lambda test is a measure of
the discriminating power provided by each variable in the discriminant

function.
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Table 6.9 Sequencé of Landsat TM band selection
Step Variable Wilk's A Wilk's F value
entered Lambda Lambda
1 ™4 0.2568 - 169.265
(0.76-0.90 m)
2 ™7 0.0675 - 0.1893 165.120
(2.08-2.35 m)
3 TM5 0.0544 0.0131 125.947
(1.55-1.75 m) :
4 - ~ ™Z 0.0438 0.0106 107.634
(0.52-0.60 . m) :
5 - TM3 0.0349 0.0089 98.354
1(0.63-0.69 m)
6 ™I - 0.0307 0.0042 87.809
(0.45-0.52 m)
i
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In the discriminant function analysis, the TM band 4 was
identified as having the greatest discriminatory power for the surface
types examined. The second, third and fourth spectral bands selected
by the discriminant analysis are TM6, TM5 and TM2, respectively. This
result agrees with the earlier studies of Hoffer et al (1975), Dottavio
& Williams (1982), Nelson et al (1984), Thompson et al (1984) and
Townshend (1984) which showed that optimum separation of surface cover
types is achieved by classifying multispectral data having at least one
band from each of the major regions of the electro-magnetic spectrum

(visible, near infrared, and middle infrared).

However, considering Cover and Van Campenhout's (1977)
"all-possible-subset" strategy to select a non biased optimal subset,
discriminant analysis was extended. The forward stepping discriminant
analyses were used to determine the effects of additional spectral
bands such as the best single, the best two bands, best three, four,
five and six bands on classification accuracy. The classification
- accuracy of these analyses are shown in Table 6:10, which illustrates-
that TM bands 7, 4 pair may provide significant discriminant
information for the peat and bare soil. However, clearly the best band
combinations appear to be the TM band 1, 5, 7 and/or TM band 4, 5 7 for
a successful discrimination of the three Glaisdale Moor surface types.
This new result revealed some interesting facts which are analysed in
Figure 6.1. It highlights 1) the amount of discriminatory information
added by the individual bands as a function of bands previously
entered, and 2) it also illustrates the effects of limited sample size.
The second point refers to the fact that the classification accuracy
reaches its peak with a specific set of band combination (band 4, 7, 5)

and then with the new addition of band do not change the classification
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Table 6.10° Test pixel classification using single TM bands and
band combinations to discriminate 3 surface types in

Glaisdale Moor. Table accuracies are in per cent

™ Bandé Vegetation g Peat Bare Soil Overall
] 75.0 § 85.0 82.5 80.8
2 42.5 82.5 70.0 © 65.0
3 60.0 90.0 195.0 81.6
4 52.5 97.5 82.5 77.5
5 52.5 ;.  52.5 100.0 68.3
7 80.0 3 97.5 - 82.5 86.6
4,7 82.5 | 100.0 100.0 94.2
4,7,5 | 90.0 f 100.0 100.0 %.6
4,7,5,2 85.0 f 100.0 100.0 95.0
47.5.2,3 | 8.0 1 1000 100.0 95.0
4,7,5,2,3,1 85.0 § 100.0 100.0 '95.0
2,3,4 67.5 ? 97.5 ~95.0 86.6
1,5,7 95.0 ; 100.0 100.0 98.3
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accuracy. Similar results were also reported by William & Nelson
(1986) and Nelson et al (1984) in forest classification using ATM data
in USA. Swain and Davis (1978) suggests that lack of change in
accuracy with the new band addition may be a function of a fixed amount
of data (the test samples) and increasing dimensionality. Further,
with a fixed test sample size classification accuracy will peak and

sTowly diminish as more and more dimensions (bands) are added.

6.6 Thematic Mapper data processing

The result of the discriminant function analysis discussed in the
previous section provided an estimate of the performance that may be
expected for Glaisdale Moor using TM data. Thus, in the present
section, the TM imagery would be analysed with similar objectives as
for the SPOT data : whether each of three surface types could be
delimited consistently from the others and how much detailed

information could be discerned.

6.6.1 Image classification

A 512 x 512 pixel subscene was extracted from the main Landsat TM
image. The subscene was first examined in each of the TM bands, then
in the false colour composites, ratios and supervised classification.
The image processing was done in a DIAD system run on PDP 11/44

computer in the University of Durham Geography department.

6.6.2 The analysis of subscene frequency distribution histograms

Subscene contains a very wide range of surface types including

agriculture field, open moorland with a wide range and type of
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semi-natural vegetation including heather, bracken, mosses, woodland,
settlement, bare peat and bare soil. Thus, one would expect a wide
range of digital values. According to the graph bands 1, 2 and 3 show
limited dispersion while band 4, 5 and 7 reveals a wider dispersion
which may possibly be attributed to the different sensitivity of the
bands with scene content. The dispersion thus suggests that most

informative bands of this area would be 4, 5 and 7.

6.6.3 Supervised classification

In the previous Chapter 5, section 5.6.1, it was mentioned that
the supervised approach utilizes visual interpretation or relevant
ground data as a priori knowledge or design data sets, and therefore,

it can usually extract a realistic information (Ioka and Koda 1986).

Similar to the statistical discriminant analysis supervised
classification utilizes training samples which were extracted from
known populations, and each unknown individual pixel is discriminated
according to the statistical distance on similarity between the pixel
and known sample clusters. Such a classification approach have also
been used in Central Wales using Airborne Thematic Mapper imagery

(McMorrow & Hume 1986).

Considering the range of spectral information available in the
individual TM wave bands (Figure 6.2) and overall spectral clarity of
the FCC's of bands 3, 4 and 5, a combination of TM band 2, 3, 4 and 5
was selected to use in the maximum Tikelihood classification. Selected

statistics of the training data sets are provided in Table 6.11.



Table 6,11 Selected statistics of the training data sets for Glaisdale Moor. TM bands used: 2,3,4,5.

"Covariance Matrix ﬂ Means
Class - Peat
™2 ™3 T™M4 ™5 ™2 ™3 ™4 ™5
™2 0.509 24,72 24.60 26.55 46.44
™3 0.354 1.121
™4 0.479 0.946 4.97
TM5 1.220 - 2.421 0.039 23.977
Class - Bare Soil '
™2 22.240 , 35.40 40.80 48.50 93.40
™3 31.280 46.160
™ 32.500 46.700 48.650 h
™5 62.640 99,280 96.500 362.439
Class - Vegetation
™2 - ~ 0.693 ,
I TM3 0.427 1.048 22.76 21.39 32.89 39.73
™4 0.219 0.316 1.06
T™M5 1.406 1.933 1.328 9.756

AY]
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6.7 Evaluation of TM data processing results

6.7.1 Interpretation of TM bands in context to the Glaisdale Moor

The single band images show (Figure 6.2} an interesting range of
spectral and spatial variation within the major surface types. Based
on the visual interpretation following obervations can be made:

Band 1

The blue band was most useful for identifying the bare mineral soil.
The nearby woodland and calluna appeared similar. The bare peat could
not be perfectly separable from the sphagnum moss. The bare
agriculture field was confused as bare soil.

Band 2

This band contains almost identical information to band 1. The bare
peat was recognizable. The bare mineral soil appeared very bright,
however, bare soil mixed with organic peat was not separable.

Band 3

~ The utility of the red band for differentiating-bare peat and sphagnum
moss was limited. In terms of spatial clarity the blue band was more
useful than the red. The bare mineral soil was brighter and separable
from the agricultural field.

Band 4

The near infrared response was not useful for any clear separation of
surface types. The bare mineral soil was the same as the bare
agricultural field.

Band 5 and 7

The two middle infrared bands provided significant discriminant
information for the three surface types considered in this study. Both

of the bands contain enough unique spectral information concerning grey
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tones to discriminate the vegetation from woodland, sphagnum from

calluna vulgaris. The bare mineral soil was clearly separable from the

bare peat and vegetation. However, the second middle infrared band was
more useful for differentiating all surface types. It also appears
that for the Glaisdale Moor surface types, the two middle infrared

bands did not contain redundant information.

6.7.2 False colour composites

Like the individual TM wave bands, visual interpretation of the
false colour composites also revealed a wide range of information on
the Glaisdale Moor. The observed information regarding the suitability

of the FCC's (Figure 6.3) are explained in Table 6.12.

Apparently it seems, that, different band combinations would be
necessary to separate successfully the spectrally three contrasting
surface as considered in this case. For the bare soil discrimination,
TM bands 2, 3, and 4 would be the best and for the bare peat and -
vegetation dicrimination either of the TM band combination 1, 5, 7 and

3, 5, 7 would be suitable,

6.7.3 Maximum 1ikelihood classification result

The result of the maximum T1ikelihood classification of the
Glaisdale Moor was not fully successful (Figure 6.4) as there was a
considerable misclassification of vegetation with peat. The
classification was successful in clearly delimiting the bare peat
boundary. The bare soil areas more than 30 metre in size was clearly

separable, however, it was occasionally misclassified with bare
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Table 6.12 Results of visual interpretation of the different Landsat

T™M band combinations for Glaisdale Moor

Band Combination Remark

T™ band 2, 3, 4 Bare mineral soil appeared very
bright and was clearly separable
from agriculture. The smaller
units of bare soil within the peat
category was not separable.
Vegetation was separable from the
woodland. Unambiguous
discrimination between vegetation
and peat was difficult.

TM band 1, 5, 7 This was one of the best band
combinations to separate the bare
peat and vegetation. The spectral
information was unique for the
spectral classes and within class
spectral variation was sufficient
enough to warrant ranges of
variation. The bare mineral soil
was not clear.

T™ band 3, 5, 7 This band combination was also
found extremely useful to separate
the bare peat and vegetation,
however, bare mineral soil was not
readily identifiable.

T™ band 3, 4, 5 Considering the overall
separability of the surface types,
this was proved to be a useful
combination as far as bare peat and
vegetation was concerned. The
stagnant watermass within the bare
peat was clearly visible. The bare
mineral soil seems not so clear, as
appeared in the TM band combination
2, 3 and 4.
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agriculture fields. The most important source of error in
misclassification of vegetation was the bare peat. The
misclassifications are mainly associated with the spectral and field
dimension attributes of the smaller vegetation units. The subsurface
of these smaller vegetation units are mainly composed of organic peat,
quite often with a varied range of empty space within the cover, which
has not only increased the spectral variability with the vegetation
category but also the spectral similarity with the peat. Similar
difficulty of moorland vegetation classification was reported by other
authors e.g. Morton (1986) and Weaver (1984). Despite the limitations
of the maximum 1ikelihood classification result in the separation of
vegetation, it appears that with the inclusion of more categories of
cover types in the training data sets, the classification result could

further be improved.

6.8 Conclusion

The objectives of the chapter were to evaluate the spectral
relationships with the ground data, assess the spectral class
discrimination performance and evaluate the spatial cover
discrimination performance of the TM wave bands. On the basis of

different analyses performed the following observations can be made:

1) Both bivariate and multivariate analyses suggested that like the
ground radiometer and SPOT bands, TM bands were better correlated with
the ground data in a group (being 65 per cent). The ground variables :
soil moisture, soil organic matter and surface silt were better

correlated with most of the TM bands.
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2) The discriminant analyses suggested that useful waveband
combinations include at least one band from the visible, near infrared

and middle infrared spectral regions.

3) The near infrared band (TM4) proved to be the most useful for
discriminating the surface types. The forward stepping selection
process ranked the two middle infrared (TM5 and 7) bands second and

third respectively in overall utility for assessing all surface types.

4) The blue band (TM1) in combination with band 5 and 7 proved to be

the most useful classifier, particularly for the peat and bare soil.

5) The result of the TM imagery analyses implied that TM spectral and
spatial resolution was sufficient enough to uncover the detail spectral
class variation of Glaisdale Moor. Because of spectral and spatial
diversity of the surface types in the study area, different TM band
combinations would be essential for unambiguous delimitation of the
broad surface categories. The bare soil would be best discriminated by
the TM bands 2, 3 and 4, while the bare peat and vegetation would be
best separated by the TM bands 1, 5 and 7 and/or 3, 5 and 7. The
maximum Tikelihood classification was most useful in separating the
bare peat and moderate for the bare soil and least effective for the

vegetation.

6) Three of the four most useful bands for discriminating Glaisdale
Moor surface types (bands 1, 5 and 7) are not available in the SPOT
sensor and ground radiometer (similar to Landsat MSS). Therefore,
significant improvements may be expected in the ability to spectrally

differentiate the open moorland surface types using TM data.
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So far, the research has been directed at examining the potential
of remote sensing data for the spectral discrimination and
classifications of the surface types on Glaisdale Moor. At the next
stage attempts were made to utilize available information in the form
of aerial photographs, airborne SPOT and Landsat Thematic Mapper data

as an input to a soil erosion prediction model.
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7. Introduction

The purpose of this chapter is to examine the potential of remote
sensing and collateral information to predict soil loss from the

Glaisdale Moor.

Whilst aerial photographs or remotely sensed imagery provide
immediate evidence of areas undergoing active erosion, they do not
provide any information as to either the cause or the rate of erosion
(see Chapter 1). As both the cause and rate of erosion are determined
essentially by the interaction of the same factors (eg Morgan, 1986).
An understanding of these would enable not only the actual rate of
erosion to be predicted but also identification of areas of potential
erosion hazard. With such information available appropriate prevention

measures could be taken.

The factors which influence erosion include climate, soil,
topography and vegetation cover (Fester and Meyer, 1977). The
influence of individual erosion factors varies in time and space and
therefore, the severity of erosion also differs considerably (Morgan,
1986). Morgan (1986) further emphasizes that the relative importance
of the factors controlling spatial variations in erosion is dependent
upon scale - macro to micro. In passing from the macro- to the
micro-scale, gradual changes occur in the dominant variable. In the
case of soil erosion, climate is supposed to dominate at the
macro-level, while at the smaller scales, climate remains uniform and

soil and vegetation become important.

In recent decades, soil conservationists have attempted to

estimate soil lToss from individual fields or slopes. In order to
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rationalize the choice of erosion estimation and various control
methods, numerous equations have been formulated linking soil loss at

field scale to causal and conditional erosion factors (Roose, 1977).

The prediction of soil loss has improved over many years as the
understanding of the erosion processes has increased. Most of the
early soil loss estimates were considered to be primarily qualitative
in nature. Initially, equations were developed to describe soil loss
using a single independent variable, while taking other contributing
factors as constants in a local situation (Mitchell and Bubenzer,
1980). Later, more quantitative multiple factor equations were
developed such as Musgrave's equation (1947), Hudson's equation (1961),
Wischmeier and Smith's (1965) Universal Soil Loss Equation, Elwells
equation (1977) and Morgan (1980), as more data became available and
researchers were better able to describe contributing factors. A
simple subdivision of predictive models can be made into those that use
the drainage basin as the basic unit (e.g. Kirkby, 1969 and Walling,
1974), and those that use smaller areas within drainage basins (e.g.

Morgan et al 1984, Wischmeier and Smith, 1978).

For the present study, with detailed information available for 100
m grid squares, attention was focused on the 'small area' models.
Before discussing this further however, it is appropriate to review in
some detail the development of the various small area prediction

models.

7.1 Development of erosion prediction models

The history of scientific study of erosion can be traced back to

the late nineteenth century (Hudson 1971). Although the results of the
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early work were qualitative in nature, a basic understanding of the
factors affecting erosion was developed, dating from the experimental
work initiated by U.S. Forest Service in 1915 (Ayres 1936). The
importance of raindrop impact in the erosion process was first
appreciated by Law (1940) and later by E1lison (1947). Scientists
began to develop empirical equations as data were accumulated. Zingg
in 1940 proposed a relationship of soil loss to a power. The
relationship of rainfall characteristics to the amount of soil eroded
was proposed by Musgrave (1947). The equation proposed by Musgrave

was:

E = (0.00527) 1Rs '+35( 0-3% p .75
where : E = the soil loss, mm per year,
I = the inherent erodibility of a soil at 10 per cent
slope and 22 m slope length, mm per year,
R = a vegetal cover factor,
- S = degree_of slope, per cent,_ .
L = degree of slope, per cent,

P30 = the maximum 30 minute rainfall, mm.

The Musgrave equation was used for estimating gross erosion from
watersheds. Lloyd and Eley (1952) provided a graphical solution of the

Musgrave equation for use in the North Eastern United States.

Both Smith (1941) and Browning et al (1947) developed factor
relationships which later provided a basis for the development of the
Universal Soil Loss Equation (USLE). Van Doren and Baztelli (1956)
evaluated the applicability of these factors as they affected soil loss

in I11inois.
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In a consolidated effort in 1954, a re-evaluation of the various
factors affecting soil Toss was undertaken (Smith and Wischmeier 1957,
Wischmeier and Smith 1958, and Wischmeier et al 1958) which resulted in
the development of the Universal Soil Loss Equation (USLE) by
Wischmeier and Smith in 1965. This equation was later refined as more
data was received from runoff plots, rainfall simulation, and field

experience (Wischmeier & Smith 1978).

The USLE model was also applied outside the U.S.A. For example,
Hudson (1961) proposed an erosion equation for subtropical Africa which
was:

E = TSLPMR

where E is erosion and the remaining factors are functions of soil
type, slope gradient and length, agronomic or agricultural practice,
mechanical protection, and rainfa]i respectively. Another important
soil loss equation for the Southern Africa was developed by Elwell
(1977)-

Z=KCX

where :
Z = predicted mean annual soil Toss,
K = mean annual soil loss, from a standard field plot
30m x 10m at a 4.5 per cent slope for a soil of

known erodibility under bare fallow,

C = the ratio of soil lost from a cropped plot to that
lost from the standard plot, and
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X = the ratio of soil lost from a plot of length L and

siope S to that lost from the standard plot.

A1l the above models have been derived for the prediction of soil loss
from agricultural land. Therefore, without valid modification their
application to the non-agricultural land such as the Glaisdale Moor

would be questionable.

7.2 Selection of Soil Loss Model

Field observations at various times of the year suggested that
water was the principal agent of erosion on Glaisdale Moor, with rill
and interrill processes being particularly important. Therefore
selection of a soil Toss model for Glaisdale Moor had to be one that
accounted for soil loss from rill and interrill erosion. The Universal
Soil Loss Equation (USLE) developed by Wischmeier & Smith (1978) can be
applied to estimate soil loss caused by these processes. Furthermore,

the USLE model can also be applied to non-agricultural areas.

After an extensive literature search for previous work on the use
of erosion models in upland areas of the U.K. or indeed from uplands in
a similar environment elsewhere, only one report, that of Baket et al
(1979) from Moel Famau in Clywd was found. In this, an essentially
field based report, they compared the effectiveness of three predictive
models; USLE, Fournier and Kirkby and found that the USLE model gave
the best estimate for soil loss. Thus, despite the difficulty Tikely
to be encountered in assessing the various USLE parameters (see below)

it was decided to try to apply the USLE model to Glaisdale Moor.
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The USLE incorporates a series of coefficients/indices (figure
7.1), which cover the erosivity of rainfall (R), the erodibility of the
soil (K), the length and angle of slope (LS), the extent of plant cover
or crop management (C) and a conservation factor (P). The full

equation is:-

A = R.K.L.S.C.P.

in which A = annual soil loss in tons/acre,

In recent years remote sensing data have been used to derive a
number of coefficients of the USLE. In particular the crop management
factor has been successfully derived using remote sensing data for a
variety of environments in the USA, e.g. Berger and Jansen (1980),
Degane et al (1979), Morgan et al (1978, 1979, 1980), Morgan & Nalepa
(1982), Paterson and McAdams (1980), Singer et al (1986), Spanner
(1982), Stephens and Cihlar (1981) and Stephens et al (1982).

Thus given its demonstrated applicability in non-agricultural
areas and its flexibility in allowing coefficient derivation from
remotely sensed data, the USLE was selected as the most appropriate
model to use in the estimation of soil loss by water erosion from

Glaisdale Moor.

7.3 Study methods

7.3.1 Mapping the parameters for the calculation of the USLE

A grid square approach was adopted to calculate as well as measure

the USLE parameters. The advantage of using grid square measurements
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has been discussed previously in chapter 3, section 3.3.4, in which a
grid system was used for mapping the drainage density. The choice of a
grid square mapping unit also fitted well with the measurement
requirements of the USLE parameters, since the USLE model is only
applicable to a small area, an essential requirement if a detailed

erosion map is to be produced for the Moor.

The grid represents the uniformly subdivided study area on the
ground. The values in the USLE equation were calculated square by
square to produce a two-dimensional image file for each input and
output variable. Because the input data sources are geographically
referenced automatically, all subsequent data files, including the USLE
A-factor derived from them, can be spatially overlaid and compared
square by square. Thus, it is not simply an overall estimate of soil
erosion from the Moor which is computed, as totals for each individual
sqﬁare can be recognised and compared, a fact which has important

considerations for land management practices and erosion control.

Further, the R, K and LS factors in the USLE are controlled by
natural processes and usually remain constant for a relatively small
area (or grid square). In contrast, the land use management factors (C
and P), can vary appreciably for year to year. Once a USLE data base
is established, periodic re-evaluation of erosion within a watershed
can be performed on a grid square-by-square basis by

photointerpretation of land use changes.

The grid mesh spacing chosen for the determination of the USLE
parameter was the same 100m? grid as was used in the assessment of
drainage density (chapter 3, section 3.3.4). This gave a total number

of 460 squares for the area of the Moor.
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7.3.2 Identification of vegetation classes from photointerpretation

An interpretation key of the vegetation of study area was prepared
based on the 1985 air photographs and subsequent field verification.
Three main vegetation categories were identified on the basis of tonal
types on air photographs (Table 7.1); these were vegetated areas,

exposed peat and bare mineral soil.

The major tonal types were identified and delineated on
transparent overlays of the air photographs. The delineated tonal
types were then field varified to correct the tonal boundaries and to
estimate the vegetation cover intensity associated with the individual
tonal categories. In the field a Tm x 1Im grid square was used to
estimate the percentage of vegetation for all the major tonal types.
Thus, a corrected land cover map was prepared, which was later used to

derive C factor values for the 460 grid squares.

Unlike the aerial photographs, it was difficult to produce a
reliable land cover map for a small area like Glaisdale Moor purely
based on Landsat TM and simulated SPOT imagery for two reasons.
Firstly, because of excessively detailed ground spectral variation, the
composite false colour maps produced by both systems were extremely
complex. Although the maximum 1ikelihood classifications (in case of
TM) and ratio image (in case of SPOT) was helpful to some extent in
identification of the major cover types boundaries remained blurred.
Secondly, because of the time lag (one year) from image acquisition to
interpretation, neither of these imageries could be field verified
after image classification. Thus, the interpretation key had to be

based on experience gained in a later field visit of the study area.
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Table 7.1 Interpretive key used in assessing the vegetation
cover from the 1985 air photographs
of Glaisdale Moor
Tonal Type Mapping Unit Characteristics
1. Dark Vegetated area >80% cover, mainly
calluna
2. Moderately Vegetated area 40-80% cover, mixed
dark mainly Sphagnum
& Calluna
3. Light grey, Vegetated area 10-40% cover, mixed
smooth
4, Light & dark Exposed peat <10% Vegetation
grey
5. White Bare mineral soil | <10% Vegetation
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The interpretation key for the Landsat TM and simulated SPOT was
created by starting with the reliably known areas such as the complete
vegetation cover (more than 80 per cent vegetation) which appeared as
deep green in TM and deep red in SPOT, the bare soil area (without
vegetation) which appeared as white in TM and SPOT, and the exposed
peat, which appeared as purple and blue in TM and Tight blue and black
in SPOT. From field experience, keys for the complex areas such as
mixed vegetation, which appeared as green-purple-yellow in TM and light
red-green-yellow, was established. This category was supposed to have
a range of 40-80 per cent cover density and thus the remaining areas
were assumed to comprise the remaining category of 10-40 per cent cover

density.

Using this interpretation key, the false colour composite
imageries together with the maximum likelihood classification map of
the Landsat Thematic Mapper (Figure 6.3 and 6.4) was used to produce
the surface vegetation cover of the study area (Figure 7.4). This in
turn was used to estimate the percentage of vegetation cover for the
same 460 squares of the survey grid used in the air photograph
interpretation. The operation was repeated for the SPOT data (Figure
5.8 and 5.9), from which a further surface vegetation cover map was
produced (Figure 7.4). A third estimate of the percentage of
vegetation type for the same 460 grid squares was derived from this

map.
7.3.3 Measurement of USLE parameters

The usual calculation for the determination of the erosivity index

R, involves either the assessment of the EI30 index, or the EI>25
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index. The former is a compound index derived from the summation of
the kinetic energy (KE) and the maximum 30 minute rainfall for each
storm event, whilst the latter involves the summation of the KE
received in time increment for each storm when rainfall intensity

exceeds 25 mm h-]

. Bolline (1985) however, considers that the EI30
index is inappropriate for the west European context, because rainfall
is of low intensity and any intense rainfalls are of very short
duration (ie <30 mins.). Morgan (1977) on the other hand belijeves that
Hudson's KE>25 index is too Timiting in temperate latitude since few
storms reach an intensity of 25 mm h'], he suggest instead, that a
lower threshold such as KE>10 includes all storms over 10 mm h']

intensity are considered.

A further complication arose in this study since the only rainfall
records available for Glaisdale Moor were daily totals recorded for a
two year period by an automatic weather station operated by the NYM
Parks authority. Thus an erosivity index had to be derived from the
very limited data, (see Table 7.2). A first approach to this problem
was made by using the method of Richardson et al (1983), to calculate
the EI,q index from total daily rainfall records (see Appendix 3). The
derived erosivity index R, for Glaisdale Moor using Richardson et al
(1983) was 187.8, which, in comparison with figures obtained from
elsewhere in western Europe (eg 25 for north Wales (Baker et al, 1979)
and 22.8 - 62.0 from Belgium (Bolline et al, 1978)), seemed rather
high. A not unexpected problem, given the concensus that the EI3O
index is of questionable validity in such an environment (Bolline,
1985). Thus an alternative index was sought, lack of the necessary
continuous rainfall records prevented the direct calculation of the

KE>10 index, Morgan (1980) however, has produced a small scale map of
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Table 7.2 The range of rainfall intensities recorded
“‘over & two year period at Glaisdale Moor

Rainfall Intensity Number of storm Percentage of

(mm 24 hr™1) events storm events

0.1 - <1.0 39 15.0

1.0 - <10.0 160 61.54
10.0 - <20.0 41 15.76
20.0 - <30.0 11 4.23
30.0 - <40.0 5 1.92
40.0> 4 1.54
Total 260 100.0
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annual erosivity for the Great Britain using the KE>10 index. The
approximate position of Glaisdale Moor was located as accurately as
possible on the map and was found to coincide with an area having a

KE>10 index of 1300 Jm™'.

In his written account of the procedures
used in determining the KE>10 index, Morgan reported that only a few
locations had a KE>10 of >1400 Jm'], as this did not include the North
York Moors, the value of 1300 Jm'] was used for the KE>10 index for
Glaisdale Moor. This gave an erosivity index of 57.3, considerably
Tower than the 187.8 obtained using the formula of Richardson et al
(1983). With the KE>10 index being considered more suitable for the
west European context, the erosivity index of 57.3 was used in the
determination of A. Given the small area of the Moor the same index

was applied to each grid square.

In order to determine the soil erodibility factor K, available
soil information previously mentioned in the Chapter 4 (section 3 and
Table 4.1) were used. Using the Wischmeier and Smith (1978)
erodibility nomograph (Figure 7.2), values of K were derived for the

bare soil category.

For both the vegetated and exposed peat soils the erodibility
nomograph is far from satisfactory, since both have higher organic
matter contents than the 4% allowed for in the graph. Considerable
thought was given to this problem, and as mentioned in the previous
section 7.2, only one study was found in which the USLE model had been
applied to areas of peat or peaty soils. The Moel Famau study of Baker
et al (1979), suggested that a figure of k = 1 might be appropriate
(they justified this by reference to Schwab et al 1966). The problems

involved in assessing a suitable K value for peat soils hinge one the
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excessive variability in the properties of peat, with organic matter
contents up to 90% or more. When dried out, peat loses cohesion
becomes very friable and hydrophobic and hence will not rewet. In
addition, degrees of humification of peat varies depending on the
horizons (Soil Survey Field Handbook 1974). For example, Peat horizon,
of , composed mainly of fibrous peat; Om, composed mainly of
semi-fibrous peat; Oh, thorganic fraction is mainly amorphous; and
Ohh, matter occuring as black (when dry) and rewets very slowly after
drying. Thus, the bulk density of peat on Glaisdale Moor will vary
both with moisture content and degree of humification, these factors
will also influence the erodibility of the peat and peaty soil. For
example, two samples collected from Glaisdale Moor - give bulk
densities of 0.09 g/cm® for dry burnt peat and 0.13 g/cm3® for moist
humified peat, whilst Maltby (1980), quotedAO.Z g/cm® for moist,
humified peat. The burnt pear with its hydrophobic low bulk density,
non cohesive particles was considered to be extremely erodible and in
all probability much more so than any mineral soil. On this assumption
a decision had to be made on ‘the K value to be allocated to the bare
peat material. The maximum value that could be given to the K factor
was 1 (Wischmeier and Smith 1978). The highest K value found in the
literature was 0.61 for marls in Tunisia (Armstrong et al 1980).
Because of the extreme susceptibility of burnt peat to erosion, it was
finally decided to allocate the maximum value of 1 for the K factor.
The vegetated peat on the other hand is massive and strongly bound by
soil water and highly organic and hence it is suggested, of very low
erodibility, these soils were therefore allocated a K value of 0.01.
The actual value of K used in each grid square was derived assessing
the proportional value appropriate to the areal extent of each

vegetation type within the square (see 7.3.2).
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Slope length (L) and gradient (S) were derived for each grid
square from a 1:10 000 scale topographic map with a 5 m contour
interval. Slope length was measured directly from the map, whilst the

slope gradient was calculated using the following formula:

vertical height
tan 0 = —mmmeeeeeees (estimated from contours)

horizontal distance

The results were then transformed to percentage slope using Wischmeier
and Smith's (1978) slope-effect chart (see Appendix 9) to coincide with
the USLE LS factor, (see figure 7.3). Values for LS ranged from 0.22 -
14.0 with a mean of 1.27.

The cover and management factor (C) of the USLE is the ratio of
soil loss from land covered under specific vegetation to the
corresponding loss from a clean-tilled, continuous fallow. Glaisdale
Moor is mainly a mixture of pasture and moorland; the characteristics
of which are similar to those described by Wischmeier and Smith (1978)
for pasture, range and idle land. Applying the Wischmeier and Smith

criteria to Glaisdale Moor the following C factor values were obtained:

C value
Bare soil and peat <9% cover 1.00
10-39% vegetation cover 0.45
40-79% vegetation cover 0.1
>80% vegetation cover 0.01

The appropriate C value was determined for each grid square by using a

transparent overlay in which each grid square was subdivided into 100
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cells. This overlay was placed over all the surface vegetation cover
maps (aerial photo, Landsat TM and simulated SPOT based) and the
percentage vegetation cover and its appropriate C value was determined
for each of the cells. From this a weighted mean C value was obtained
for each grid square. Since no complete grid square coincided with
either an entire area of bare peat or bare soil, the maximum C factor
for any square was 0.45, rather than the theoretical maximum of 1 for
each category. Figure 7.5 shows the resultant map of the C values for

the Moor,

For the conservation management factor (P) consideration was given
to the problem of relating the values derived from agricultural
produces to uncultivated moorland. It was finally decided that since
no conservation measures are taken then a factor value of 1 should be
used. A similar assumption was made by Baker et al (1979) in their

study at Moel Famau.

Using the indices listed above, a number of estimates of erosion
were obtained by applying the USLE to different spatial units within

the Moor.

For all estimates of soil loss, a constant value of R = 57.3 and P
= 1 were used. Depending on the scale at which the USLE was applied,
the values of the remaining factors, K, C and LS were changes. At the
most detailed level, soil Toss was estimated for each of the 460 grid
squares using the appropriate values of K, C, and LS determined
separately for each square, (see Figure 7.6 and Table 7.3). At a

smaller scale, an estimate of soil loss was calculated for each of the
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three surface types by using the mean K, C and LS values appropriate to
each surface, (for vegetation K = 0.01, C = 0.08 and LS = 1.27; for
bare peat K =1, C =1 and LS = 1.27; and for bare soil K = 0,112, C =
1 and LS = 1.27), (see table 7.3).

7.4 Results and Discussion

7.4.1 Predicted soil loss using data derived from air photos

The results of the estimation of annual rates of soil loss from
Glaisdale Moor are presented in Table 7.3. At the grid square level,
figure 7.6 shows that the predicted erosion rates vary considerably
across the Moor. These differences are largely attributable to the
variability in the vegetation cover (C factor) and soil erodibility (K
factor). When tested by means of the analysis of variance, these
differences were found to be very significant (Table 7.4). The erosion
rates also vary considerably within each of the three surface classes,
with bare peat having the greatest-range (11.3 - 261.2 t ha'1),
vegetated area the least (0.02 - 9.5 t ha']) and bare soil the
intermediate (0.5 - 3.8 t ha"]). The extensive differences'in the
rates of peat erosion are believed to be due to variation in:- a)
levels and stages of peat accumulation, b) the degree and intensity of
humification, ¢) the nature and extent of burning (and hence the
effect of the C factor), d) the local hydrological conditions and e)
the variability in the LS factor. The LS factor is thought to be
largely responsible for the range of erosion rates in both the
vegetated and bare soil areas, although in the latter areas differences

in the organic matter content of the soil effected the values of the C

factor. Using the mean estimated soil loss figure derived from the
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Table 7.3 Predicted soil loss from Glaisdale Moor
Estimated soil loss t ha yrt Grand
Cover type Area Minimum Maximum Mean Meon
Grid Square¥
Vegetation 287 0.025 9.51 0.4
Baze peat 140 11.31 261.13 44.7 15.4
Barze soil 33 0.04 3.83 1.1
Areal data
Vegetation 287 0.1
Bane peat 140 163.0_ 60.5
Bare soil 33 19.5

* for these calculations individual grid squares were allocated to

one of the three vegetation types according to the dominant

vegetation type -n each square.
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Table 7.4 Analysis of Variance to test the significance
of the variability in soil loss derived from
grid square data betweéen vegetated, bare peat
and bare soil surfaces
Source Degrees of | Sum of Mean F Signific-
freedom squares sguare Statistic ance at
(x:
Between 2 15358 7678.9 226.53 0.0001
Within 457 15491 33.898
Total 459 30849

k&%
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grid square data and the estimated area of each surface class (Table
7.3), an overall estimate 6410 t yr'] was calculated as the annual rate
of soil loss from Glaisdale Moor. A crude estimate of the mean annual
rate of erosion for the whole Moor can be obtained by taking, the
average of the rates determined for each of the three surface types,

(15.5 t ha']), this gives an annual rate of soil loss of 7084 t/yr'].

At a lower level of resolution, the predicted mean soil Toss for
the three surface types was estimated by using the areal mean rather
than the grid data, (ie. C = 1 for both bare peat and bare soil; K =1
and 0.12 for bare peat and bare soil respectively; C = 0.08 and K =
0.01 for vegetated surface soil and LS = 1.27 for all three surface
types). This produced estimated soil loss figures of 0.13, 163.0 and
19.5 t ha/yr'1 for vegetated, bare peat and bare soil surfaces
respectively. When these figures are applied proportionately to the
area of each surface class within the confines of the Moor, and annual
estimate of soil loss of 23,500 t yr'1 is obtained. This is almost

four times the estimate derived using the grid square data.

This major discrepancy between the two estimates of the rate of
annual soil loss from the Moor, is attributable to the massive
differences in the mean erosion rates predicted from the areas of bare
peat and the bare soil areas (44.7 and 1.1 t ha yr'] and 163 and 19.5 t
ha yr'1 respectively for the grid square and areal data). The cause of
this difference lies in the fact that in no instance did any of the
grid squares coincide with either a complete area of bare peat or bare
soil. Thus in determining the proportional C and K factors for each
square the highest C factor value used was 0.45 and the highest K

factor value 0.9, as compared with a maximum of 1 for both C and K used
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in the areal calculation. Variation in the LS factor values were not
considered important as the greatest variability in slope occurred in
the vegetated areas. These differences also explain the contrast in
the crude estimates of mean erosion calculated by averaging the rates

1

for the three cover types, 15.5 and 60.5 t ha yr ' for grid and areal

data respectively.

These differences at once emphasise both the strengths and
weaknesses of using a'randomly imposed grid as a basis for the
determination of the land cover factors of the USLE model. The
detailed grid allows local variations in K, C, and LS to be
incorporated in the model, but unless a complete grid square coincides
with an area having the highest factor values, then an underestimate of
the 1ikely annual rate of erosion is an inevitable result. In the case
of Glaisdale Moor, the actual annual loss of soil is somewhere between

two extremes of 23,500 and 6410 t yr'].

As an attempt to provide an approximate check of the validity of
predicted erosion rate for the Moor, and on particular the burnt peat
area. The approximate loss of burnt peat was estimated using bulk
density value 0.09 g/cm3 (see section 7.3.3). Assuming an equal bulk
density for a 20cm and 100cm depth of peat, estimated loss of burnt
peat was 20.5 t/ha/yr and 102.5 t/ha/yr respectively. These depths of
peat are not unrealistic because in certain places in excess of 2m of
peat is thought to have been lost since the 1976 fire. These crude
estimated figures of peat loss suggest that the mean predicted peat
loss figures of 44.7 t/ha/yr and 163.0 t/ha/yr (see Table 7.3) are at

least of the right order of magnitude.
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7.4.2 Predicted soil loss using data from Landsat and SPOT

simulation imagery

At the detailed grid square level, the mean estimated erosion rate
obtained for the Glaisdale Moor using the Landsat TM and SPOT
simulation data was 11.55 t ha yr'] and 9.12 t ha yr_] respectively.
The estimated mean erosion rate obtained from 1985 air photographs with
the similar grid square level was 15.5 t ha yr_]. The estimated mean
erosion rate from these three sources; air photographs, TM and SPOT
simulation, therefore, seems reasonably comparable. The differences in
mean estimation of the TM and SPOT simulation was possibly in part due
to the differences of the timing of imagery acquisition. The TM
imagery was obtained in April, 1984 when the bare soil to surface
vegetation ratio remains much higher. While the SPOT data obtained at
July, 1984, when, because of regeneration of marginal vegetation, the
bare soil to surface vegetation ratio remains lower. Thus, the

measured C value derived from the two imagery systems differ,

Further, the spatial resolution of the two imagery, TM and
simulated SPOT, differs considerably, 30m and 20m respectively. With
the intricate vegetation assemblages, interwoven with partially or
completely burnt stems and litter, together with patchy bare soil
enhancing the complexity of Glaisdale Moor surface cover. The 10m
difference in spatial resolution between the two systems (TM and SPOT)
appears to have had a significant effect on soil loss prediction. For
such a complex feature type, 20m spatial resolution normally increase
the pixel variance in feature space and thereby, possibility of

misclassification among the classes increases (Townshend, 1981).
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The TM data with its higher spectral resolution and with an extended
spectral coverage was expected to be more effective in separating the
cover types. These spectral resolution and coverage effect may have
possibly contributed to the overall classification accuracy of the T™M
(95%) and SPOT (78%), and hence the difference in C values, (TM had a
mean C value of 0.31 and SPOT a mean C value of 0.26). It is this
apparently Tittle difference in C value that has resulted in the

difference in the estimated erosion rate of the two data sources.

7.4.3 Relationship between predicted rates of erosion and surface

drainage density

Strong links between erosion and land use changes emerge when
comparison is made between the 1985 drainage density (Figure 3.3,
Chapter 3) and the erosion intensity maps (Figure 7.6). The areas of
greatest erosion correspond with areas of highest drainage density.
Thus, drainage density may be viewed as a crude index of the severity
of erosion (Morgan, 1986) in Glaisdale Moor. With the highest
potential erosion rate, the exposed peat area corresponds with the area
of highest drainage density (Table 7.5). Similar relationships are
apparent with the vegetated (lowest erosion - drainage density rate)
and bare soil (intermediate erosion - drainage density rate) areas.
Similar observations of soil and vegetation cover influencing in
drainage density and erosion rate at micro-level are made by Gregory

and Gardiner (1975) and Morgan (1973).
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7.4.4. Comparison of predicted erosion rates from Glaisdale Moor

with other studies in similar environments in Britain

Table 7.5 Comparison of drainage density and corresponding erosion
intensity rate in Glaisdale Moor. Estimation is based on at

the grid square level.

Surface type Drainage density Erosion rate
(m/m2) (t ha yr™')
Exposed peat 3.44 >22.4
Bare soil 2.78 <11.4
Vegetation 2.42 <2.24

Apart from the nationwide small scale survey conducted by Morgan
(1980), the only other report that was found in which the USLE model
has been applied to erosion in an upland environment is that by Baker
et al (1979) for Moel Famau Country Park. This gave a range of
predicted soil loss from less than 4 t ha yr'] to more than 14 t ha
yr ', a range of values similar to those obtained for the vegetated and
bare soil areas of Glaisdale Moor. Unfortunately the Moel Famau study
did not include any areas of bare peat which could be compared with
similar areas of Glaisdale Moor. In order to obtain some comparative
figures for peat erosion, the results of conventional erosion studies
carried out in upland environments similar to Glaisdale Moor were

examined. The results of these studies, based mainly on sediment traps

and erosion pins, are listed in Table 7.6.
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Table 7. 6 Comparative rates of soil erosion from upland Britain
Author Year Location - Yield
(t ha yr )
Al-Ansari et al 1977 Hill grazing 2-9

land, Scotland

Baker et al 1979 M.oel Famau, 4-14
Clwyd

Evans 19¢7 Peak District 34.0

Imeson 1971 Hodge Beck,NYM 4.8

Morgan 1980 Britain 0.1
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The Imeson (1971) and Al-Ansari et al (1977) results (4.8 and 2-9
t ha yr']), whilst comparable with the predicted rate of loss from bare
soil areas of Glaisdale (1.1 - 19.5 t ha yr'] grid and areal data), are
much Tower than the predicted figure obtained for the loss from bare
peat. The mean predicted peat loss figure from the grid data for
Glaisdale (44.7 t ha yr']), is very close to 34.0 t ha yr'] recorded by
Evans (1977) in the south Pennines. (The mean figures derived using
the areal data (163 t ha yr']) is however much greater than Evans 34.0
t ha yr'], this can be explained by the fact that the peat studied by
Evans had not been burnt and therefore had a much lower erodibility
potential. For the well vegetated areas of the Moor the predicted loss
(0.13 - 0.4 t ha yr_]) is similar to the figure quoted by Morgan (1980)
for the geological rate of erosion in the UK. The predicted overall
mean erosion rate for Glaisdale calculated using either the grid square
or areal data (15.4 and 60.5 t ha yr'1), is considerably higher than
the measured rates obtained by both Al-Ansari et al (1977) and Imeson
(1971). The difference between Imeson's figure and the predicted
Glaisdale figure is worthy of closer examination since the Imeson
measurements were made in the Hodge Beck catchment which is very close
to Glaisdale Moor. The divergence of the erosion rates can be
attributed to major differences in the surface properties of the two
areas, Hodge Beck catchment having a much smaller area of bare peat and

larger area of bare soil than Glaisdale Moor.

Obviously, given the assumptions made for the USLE parameters,
further work needs to be undertaken to test the predicted results with
actual rates of erosion. Such an investigation could be tackled in a
number of ways. Firstly, regular measurement of stream sediment loads.

Work d one along this line by Arnett (1978), however suggests that this
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approach has two serious shortcomings. a) All sediment moved
downslope does not necessarily reach the stream; b) There is a time
by between the movement of sediment on the slope and the final entry
into stream. Because of these two problems, it is difficult to relate
directly between hill side erosion rate and the sediment movements
through the channel. Therefore, for the present study this method may
not yield a reliable estimate of erosion rates. Secondly, estimates of
erosion rate could be derived from aerial photographs by measuring the
spread of bare soils or qullying over a lapse of years. This technique
however would require an initial record of the depth of peat cover,
something which it is not possible to estimate from air photographs.
Nevertheless this probably offers the best long term method of
assessing erosion rates, provided that a network of measuring stations
is established, at which changes in peat depths can be monitored. The
simplest approach would be to sink permanent measuring rods into the

soil beneath the peat.

7.5 Conclusion

This research has demonstrated that, by using remote sensing
imagery and available large scale topographic maps, prediction of soil
loss can to some extent be made with a limited amount of field work.
Whilst the author believes that the soil loss prediction for bare soil
is realistic since all USLE parameters, particularly erodibility
factor, K fall within the scope of Wischmeier and Smith's (1978) model.
The soil loss values for both vegetated and burnt pear are less
reliable since an arbitrary, but it is felt justifiable, assumption has

been made in allocating a value for the erodibility factor, K.
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By employing a grid square recording/mapping technique the maximum use
is made of the available information. The size of the grid used does
however effect the final estimate of soil loss, particularly where no
single grid square coincides with an area of entirely similar cover of

all vegetation/surface types.

Thus, this approach, which appears to require a minimum of field
work, may offer a technique for rapid appraisal of areas susceptible to
erosion and may also enable some assessment of the likely rates of
erosion to be made. Both of which will be useful for preparing
management plans for these relatively remote upland areas. This is
especially valuable given the very limited budgets available to the
appropriate planning authorities, such as the North York Moor National

Park Authority.

Finally however, it is important to re-emphasize that, given the
subjective nature of some of the assumptions made in the calculations
of predicted soil loss. Too much reliance must not be placed on the
exact soil loss figures determined, rather they should be taken as a
first approximation, until further refinement of the assessment of the

USLE parameters, particularly the erodibility of peat is made.
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CHAPTER EIGHT

Conclusion

8.1 Introduction

8.2 Analyses Summary

8.3 General Conclusion
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8.1 Introduction

This thesis has analysed sequential air photographs, ground
radiometry, Landsat Thematic Mapper and Airborne SPOT data of the
Glaisdale Moor area with a view to examining the potential of remote
sensing in soil erosion studies. A series of statistical analyses were
attempted in an effort to establish the relationships between the
different spectral variables and the soil/ground variables. Because of
the complexity of the surface types, it was expected that spectral
characteristics of Glaisdale Moor would be more dominated by a

composite of soil/ground variables rather than any single variable.

Discrimination of the Glaisdale Moor surface types has been
attempted using the Landsat TM, airborne SPOT, sequential
airphotographs and field radiometer data. Further, the Landsat TM,
airborne SPOT and the aerial photographs were analysed in order to
classify and map the surface types of the study area. The mapping
information thus obtained from the TM, SPOT and aerial photographs were
used as an input into a soil loss prediction model (USLE) to predict

the soil erosion rate of the study area.

8.2 Analyses summary

The analysis using the aerial photographs of the Glaisdale Moor

suggest that:

The surface cover of the Glaisdale moor has suffered a phenomenal

change between 1973 and 1985. The accidental fire of August, 1976 left
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much of the blanket peat area completely exposed and thereafter the
whole area came under immediate threat of extensive erosion and

degradation.

Because of the lack of surface cover, the overall drainage density
of Glaisdale Moor has increased dramatically from 1.28 m/m2 in 1973 to
3.08 m/m? in 1985. A significant difference was observed in the mean
drainage density rate depending on the intensity of surface cover as
well as subsurface pedological condition, the highest rate being 3.44
m/m? for the bare blanket peat, the Towest being 2.42 m/m? for the

vegetated area, with bare soil being the intermediate at 2.78 m/m2.

The pedological and topographic diversity mainly dictates the
erosion features of Glaisdale Moor. Extensive rilling and to some
extent localised gullying were the most important erosion features of

the Moor,

The analysis using the ground radiometer suggest that the three
distinct surface types of Glaisdale Moor vegetation, peat and bare
soils, as identified in the field do exhibit distinctive reflectance

spectra.

Although the spectral variables were statistically correlated with
selected ground properties, the relationships, however, are neither
simple nor direct. Within the limited 1 m field-of-view of the sensors
indicates that no one ground property is dominant in determining the
reflectance spectra. Because of the high spatial resolution of the
ground radiometer (Im) it was expected to resolve the internal

heterogeneity of the main cover types studied. This was manifest in
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the spectral variance determined for each cover type. However, there
was a wavelength dependancy in the relationship, with the infrared
bands exhibiting a greater variation compared with the visible

exhibiting a greater variation compared with the visible wavebands.

The high spectral variability measured by the radiometer resulted
in a greater overlap between cover types in spectral feature space. A
decrease in spectral separability results in a lower classification
accuracy. The MSS bandpass equivalents as measured by the radiometer
were only marginally successful (i.e. overall classification accuracy =
61%) in discriminating between bare peat, vegetated peat, and bare

mineral soils.

As with the field radiometer, both bivariate and multivariate
analyses of the simulated SPOT data for the Moor suggested that no
single ground variable can be said to have dominance over others in
terms of accountable spectral variation. The ground variables in a
group can better explain the spectral variation, the highest being 58%
for the May and 68% for the July data. Such a comparison of
accountable spectral variation, however, should be treated with caution
given the fact the images were not calibrated to some common reference
and some of the ground variables considered (e.g. soil moisture) are

dynamic phenomena.

The overall classification accuracies achieved for the three
surface types of the Glaisdale Moor are 74.1% for the May simulated
SPOT data and 78.3% for the July equivalent. The difference between
the figure may be attributed to the contrasting spatial resolution

between the two data sets (20 m for the May and 10 m for the July
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data). Changes in classification accuracy with spatial resolution
arise from two conflicting trends (Townshend 1981). First, the
variance of the spectral response with decrease with an increase in
spatial resolution which should help to improve classification
accuracy. The degree of improvement will be controlled by the nature
of the spatial heterogeneity within a given cover type. Second, the
proportion of boundary pixels will increase with coarsening resolution
and this will lead to lower classification accuracies. These
conflicting trends are controlled primarily by the spatial properties
of the cover types being observed. Cover types with high boundary
densities, as in the case of Glaisdale Moor would suggest that the
coarser spatial resolution data might contain a greater number of
boundary pixels. Sampling the higher spatial resolution data is more
likely to result in pixels falling within individual cover types and
not on their boundaries. Decreasing the spatial resolution to 20m may
have resulted in more boundary pixels being sampled, with each pixel
containing a mixed response from the two or possibly three cover types.
Assigning these mixed or boundary pixels to particular classes have led
to the increased errors arising during the classification process.
Mixed pixels labelled as one class during their selection may be

classified as another thereby giving rise to higher errors of omission.

Differences in the figures for overall classification accuracy may
also reflect a change in the spectral contrast between the cover types
over the May to July time period. Vegetation cover over the peat was
1ikely to be greater in July compared with May. Spectral differences
between vegetated peat and bare peat would be increased as a direct
result. Examination of the classification confusion matrix (Table 5.6)

indicated that the vegetation class was classified with a higher
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accuracy in July compared with May, and that errors or omission between

the vegetation and peat classes decreased by over 15%.

The recult of the imagery analyses implied that although the
increased spatial resolution of the SPOT was sufficient enough to
expose the details of Glaisdale Moor, because of the very minute detail
of the spectral variation, it was difficult to map clearly the eroded
surface. The enhanced image whilst making the identification of the
broad surface types more straight forward, failed to increase the
accuracy of the classification. Interpretation of the False colour
Composite indicates that exposed peat would be recognised with ease,
although some difficulty remains in separating dry peat from bare soil.
A band ratio 3/2 (near infrared/red) was useful in delimiting the
blanket exposed peat from the bare soil and vegetation. An
interpretation of the maximum likelihood result suggests that broad
categories : vegetation, peat and bare soils are separable although in
few cases misclassification between vegetation and peat might occur.
The FCC's, the ratio image and maximum 1ikelihood classification map
provided a very general guide to the spatial distribution of the main
cover types. However, the interpretation and comparisons should only

be considered as subjective.

As far as moorland erosion is concerned it appears that the
simulated SPOT data is less satisfactory for the clear identification
and accurate delimitation of the eroded area, more specifically the
separation of bare blanket peat from vegetation. Apparently, it seems

that for a successful identification and discrimination of bare peat
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from vegetation of moorland, such as the Glaisdale Moor, the SPOT

system needs:

a) More integration of spectral information within the spectral
class so that internal variations remain at minimum, which
would enhance the class variation and hence improve the

classification accuracy;

b) More spectral bands at the longer wavelength, such as the
Landsat TM band 5 and 7, are essential. The present SPOT
wavebands 1 and 2 provide almost similar information.
Therefore, one of them is effectively redundant. The
increased number of spectral bands would increase the possible
number of band combinations that might help in better
identification and delimitation of blanket peat and hence
would reduce the misclassification between bare peat and

vegetation.

Analyses of the Landsat Thematic Mapper data suggests that this is
the most useful imagery in the identification of vegetation types on
Glaisdale Moor. The TM bands were better correlated than either the
radiometer or SPOT imagery with the grouped ground data. Amongst
others, the soil moisture, organic matter and surface silt were
significantly correlated with most of the TM bands. Because of dynamic
nature of soil moisture, the significance of correlation must be
treated with considerable caution. The relationship may only be valid,
if we assume that moisture conditions in May 1985 were exactly the same
as April 1984 when the images were acquired. For the effective surface

type discrimination of Glaisdale Moor, the useful waveband combinations



219

include at least one band from the visible, near infrared and middle
infrared spectral regions. The near infrared band (TM 4) proved to be
the most useful for discriminating the surface types. The blue band
TM1 in combination with band 5 and 7 proved to be the most useful

classifier, particularly for the peat and bare soil.

The TM spectral and spatial resolution was sufficient enough to
expose the detail spectral class variation of the Glaisdale Moor but
not too detailed to cause confusion. Because of spectral and spatial
diversity of the surface types in the study area, different TM band
combinations would be essential for effective delimitation of the major

surface categories.

The overall classification accuracy achieved for the three surface
types of Glaisdale Moor with the TM data was 95%. Because of coarser
spatial resolution of the TM data (30m) incomparable with the SPOT
simulated data (20m and 10m) an increase in the number of boundary
pixels, thereby decrease in classification accuracy was expected.
However, that trend may have been significantly offset by the improved
spectral separability offset by the improved spectral separability of
the cover types arising from the improved spectral resolution and
coverage. It may be that the sampling process in selecting pixels from
each cover type avoided many boundary pixels. The real determining
factors for the increase in overall classification accuracy compared

with the SPOT data sets remain undetermined.

The maximum likelihood classification was most useful in
classifying the bare peat and moderate for the bare soil and least

effective for the vegetation.
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The most effective TM bands (1, 5 & 7) for the discrimination of
Glaisdale Moor surface types are not available in either the SPOT or
Landsat Multispectral Scanner (similar to ground radiometer as used
here). Therefore, significant improvements may be expected in the
ability to spectrally differentiate the open moorland surface types

using TM data.

The generation of classification accuracy figures, classification
maps from image processing, maps from aerial photographs, require some
independent means for checking their corrections. Otherwise the
validity of these results are thrown into doubt. The role of field
work is particularly important in checking the interpretations from the

aerial photographs and the classification of the imagery.

In the present study, extensive field work was done in checking
1985 aerial photointerpretation. In certain cases changes to
boundaries were made, but the original interpretation remains largely
unchanged. In only very few cases was it necessary to alter the
attributed classes. This suggests the conventional aerial
photointerpretation is a viable approach to mapping cover types in this
area and that only a 1imited amount of field work was necessary to
check the results. It also suggests that the results arising from a
comparison of maps derived from the interpretation of aerial

photographs for different dates can be viewed with some confidence.

The availability of aerial photographs and the high level of
confidence attributed to their interpretation permits their use as a
surrogate to field checking when interpreting the results from the

airborne and satellite multispectral data sets. In their absence
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however, the role of field studies would assume a greater significance.
In this study the interpretation of false colour composites, ratio and
classified images for the simulated SPOT and the Landsat TM data sets
were bakced up by comparisons with the aerial photointerpretations and
a limited amount of field work. A similar methodology has been adopted
in other studies to determine the accuracy of remote sensing data for
classifying land cover types (e.g. Justice and Townshend 1981).
Nevertheless, the results presented here should be treated with some
caution. An independent check of the Tikely success of the various
remote sensing data sets for classifying the main cover types is given
with the results from the discriminant analysis. Whilst these figures
are likely to overestimate the accuracies derived from a completely
independent data set they do provide a guide as to the likely levels of

misclassification between the main cover types found on Glaisdale Moor.

Given the limitation of the assumptions, particularly (relating to
the derivations) the K factor, the prediction of soil erosion rate from
Glaisdale Moor by using remote sensing and other collateral information
as an input into the USLE model was reasonably achieved. The mean
annual erosion rate obtained with 1985 aerial photographs for the
vegetation, peat and bare soil was 15.4 t ha yr'] and an overall
estimate of the annual rate of soil loss from the Glaisdale Moor was

1

6410 t yr . The mean annual erosion rate obtained at the grid square

level using the Landsat TM and SPOT data was 11.55 t ha yr'] and 9.12 t

ha yr']

respectively.
The estimated mean erosion rate based on Landsat TM (11.5 t ha
yr']) is reasonably comparable with the rate obtained at the

corresponding level from the aerial photographs (15.4 t h yr'1), while
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the rate obtained with the SPOT simulation is marginally lower. The
poor estimated erosion rate based on SPOT simulation is directly
attributable to its low effectiveness in clearly separating the bare

peat from the vegetation in comparison with the Landsat TM image.

Adoption of a grid square recording mapping technique has enabled
the maximum use to be made of the available information. The size of
the grid used however does affect the final estimate of soil loss. More
specifically, problems arise when a grid square does not coincide with
areas of uniform cover. A weighted ¢ factor was derived for this type
of mixed grid squares, thus solving the problem to some extent.

However, the fact does remain that a reorientated grid and/or one of
smaller size may well produce a higher estimate of erosion rates,
particularly if the complete squares coincided with an area of bare

peat.

However, in addressing the role of remote sensing data for soil
loss estimation it must be emphasised that it is by no means a
definitive study. Errors arise particularly in measuring the USLEC
values due to errors involved in cover type classification. Therefore,
figures on actual erosion must be treated with caution. It is

suggested that further work is required to tackle this issue.

8.3 General conclusion

Remote sensing information offers significant advantages over
traditional methods in detecting, inventoring, monitoring and measuring

various parameters of natural environmental hazards, such as soil
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erosion. However, very few of the remote sensing studies carried out
have attempted to quantify the amount of soil erosion occurring in

upland areas.

The moors which often consisted of highly erosive blanket peat,
with a high potential fire risk when poorly managed, can lead to a
critical soil erosion problem. The ability to quickly identify the
problem areas and to quantify soil loss are vital for the proper

management plans.

The present study suggests that remote sensing can be used to make
a rapid first approximation of the erosion in an area and to rank
different parts of a water-shed according to the potential for erosion,
thus saving the need for extensive field investigations and maximising

the use of limited resources.

Furthermore, this research demonstrates the potential of remote
sensing to identify soil loss and cover factors over time and to obtain
an approximate estimation of long term erosion problems. This
technique can provide National Park Authorities with continuous

information on land cover changes that effect erosion.

A grid mesh based Universal Soil Loss Equation proved to be useful
in the estimation of the rate of soil erosion for the upland moors.
Further, the grid mesh approach is valuable as the grid squares are
geographically referenced. Therefore, all the relevant collateral and
derived data files can be spatially overlaid and compared square by

square, which has great implications to the land management practices
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and erosion control. Moreover, once a USLE data base has been
established, periodic reevaluation of erosion within a water-shed can

be performed using sequential remotely sensed imagery and hence the
effectiveness of management strategy reviewed. It must be emphasised
however, that the effectiveness of spectral discrimination of surface
cover types by a specific remote sensing data source must be checked for
each new study area, be it in Towland England or elsewhere in the world.
It cannot be assumed that the system and wave bands of value on

Glaisdale Moor have similar utility elsewhere.



225

BIBLIOGRAPHY

Abrams, M.J. and Brown, D. 1984: Silver Bell, Arizona, Porphyry
Copper Test Site Report The
Joint NASA/Geosat Test Case
Project, Final Report, Part 2,
vol.T, The American Assoc. of
Petro]eum Geologist, Tulsa,
Oklahoma 74101, USA, 1985, pp.
4-1-4-73,

Ackleson, S.G., Klemas, V., McKim, H.L. and Merry, C.J. 1984: A
comparison of SPOT simulator
data with Landsat MSS imagery
for delineating water masses in
Delaware Bay, Broadkill river,
and adjacent wetlands. In SPOT
Simulation Applications
Handbook. Proc. SPOT Symp.
ASPR, Virginia, U.S. pp.
189-93,

Adrian, P.M., Baumgardner, M.F., Brown, C.B. and Peterson, J.B. 1982:
Characteristic Variations in
reflectance of saline and
alkaline soils of the Bolivian
Altiplano, LARS Tech. Rep.
120582, Laboratory for
BppTications of Remote Sensing,
Purdue Univ., Indiana, USA, p.
59.

Ajai, A.K., Gopalan, S. and Kamat, D.S. 1985: Discriminating of winter
crops using temporal spectral
profiles. Int. J. Remote
Sensing, v.6(9), 1575-1580.

Al-Abbas, A.H., Swain, P H. and Baumgardner, M.F. 1972: Relating
organic matter and clay content
to the multispectral radiance
of soils. Soil Sci. 114 :
477-485.

Al-Ansari, N.A., Al-Jdabbari, M. and McManus, J. 1977 : The effect of
farming upon soils transport in
the river Almond, Scotland, In
Symposium on Erosion and Solid
Matter Transport in Inland
Waters, int. Assoc. of Sci.
Hydrologists, Pub. No.122 :
118-125.




226

Anderson, J.R. 1977:

Anderson, P. and Tallis, J. 1981:

Aniya, M. 1985:

Aniya, M. 1985:

Landuse and land cover changes
a framework for monitoring,
J.Res. U.S. Geological Survey
5: 143-153.

The nature and extent of soil
and peat erosion in the Peak
District - field survey', in
Phillips, J. Yalden D. and
Tallis J. (eds) Moorland
Erosion Study, Phase 1 (Peak

Bakewell) : pp.52-64.

Contemporary erosion rate by
landsliding in Amahata River
basin, Japan. Geomorph. N.F.
29(3): 301-314.

Landslide - susceptibility
mapping in the Amahata River
Basin, Japan. Annals AAG
v.75(1) : pp.102-T14,

Angelici, G.L., Boyant, N.A. and Friedman, S.Z. 1977 : Techniques for

lTanduse change detection using
Landsat imagery. Proceedings of
the Fall Technical Meeting, Am.
Soc. of Photogrammetry, Falls
Church, Virginia : pp. 217-228.

Anuta P., Bartolucci L., Dean M., Lozano D., Malaret E., McGillem C.,

Arnett, R.R. 1978:

Arnett, R.R. 1979:

Valdes J. and Valenzuela C.
1984: Landsat - 4 MSS and
Thematic Mapper data quality
and information content
analysis. Trans. IEEE Geosci.
Remote Sens. GE-22 (3) :
222-236.

Regional disparities in the
denudation rate of organic
sediments. Geomorph 29 :
169-179.

The use of differing scales to
identify factors controlling
denudation rates. In : A.F.
Pitty (ed) Geographical
approaches to fluvial

rocesses, Geoabstracts,
Norwich : pp. 127-147.




2217

Atherden, M.A. 1976a

Atherden, M.A. 1976b:

Atukum, I.B., 1976:

Avery, T. 1977:

Avery, B.W. & Bascomb, G.L. (Eds), 1974:

Ayres, Q.C. 1936:

Late Quaternary vegetational
History of the North York
Moors. 3. Fen Bogs. J.

Biogeogr. 3 : 115-126.

The impact of late prehistoric
cultures on the vegetation of
the North York Moors. Trans.
Inst. of Brit. Geographers.
N.S.1(3): 284-300.

Use of aerial photographs in
erosion reconnaissance survey
and local detailed studies in
the Merida Province, Spain.
ITC, Msc Thesis.

Interpretation of aerial
Qhotograghs. 3rd ed.
Minneapolis : Burgess

Publishing Co.

Soil Survey Laboratory
Methods. Soil Survey Technical
Monogr. No.6. Soil Survey,

arpenden, Herts.

Soil erosion and its control.
McGraw-hill, New York, N.Y. 365

PP.

Ballutch, B., Laine, D., Nyuyen, P.T., Madee, V., Pebayle, J. and

Bailey, G.B. and Dwyer, J.L. 1984:

Torres, C. 1981: Landuse in a
large metropolis: Paris. In:
Urban planning, SPOT Imagery
simulation, SPOT Image,
Sheet-URB.

Evaluation of SPOT simulator
data for geologic mapping in
the SPLIT mountain region,
Unitah County, Utah. In: SPOT
Simulation Applications
Handbook, Proc. SPOT Symp.,
ASPR. Virginia, USA : pp.47-55.




228

Baker, C.F., Morgan R.P.C., Brown, I.W., Hawkes, D.A. and Ratcliffe,

Barker, J, 1983:

Barnes, F.A, 1963:

Bartlett D.S. and Klemas, V. 1982:

J.B. 1979: Soil Erosion survey
of the Moel Famau Country Park,
Clwyd County Council Planning
and Estates Department, Country
Park Research Paper, Mold, pp.
38.

Radiometric calibrations and
processing procedures for
reflective Bands on Landsat-4
protoflight, Landsat-4
Scientific characterization.

Early Results Sympo. Proc.
A-23-1, NASA/GSFC, Greenbelt,
MD.

Peat erosion in the Southern
Pennines : problems of
interpretation, E. Midd. Geogr.
3(4) : 216-22.

In situ spectral reflectance
studies of tidal wetland
grasses. Photo. Eng. &
Rem.Sens. vol. 47{12) :
1695-1703.

Baumgardner, M.F., Kristof, S.J., Johannsen, C.J. and Zachary, A.L.

Bayfield, N.G. 1971:

Bayfield, N.G. 1973:

Beaubien, J. 1979:

1970: Effects of organic matter
on the multispectral properties
of soils. Proc. Ind. Acad. Sci.
79 : 413-422.

Some effects of walking and
skiing on vegetation at
Cairngorm. In Duffey, E. and
Watt A.S. (eds), The Scientific
management of animal and plant
communities for conservation.
11th Symp. of British

Ecological Society. Oxford :
Blackwell, 469-485.

Use and deterioration of some
Scottish hill paths. J.
Appl.Ecol. 10 : 635-644,

Forest type mapping from
Landsat digital data.
Photogram. Engr. & R.S. 45 (8)
: 1135-1144,




229

Beck, R.H., Robinson, B.F., McFee, W.W. and Peterson, J.B. 1976 :

Belbeoch, G. and Loubersac, L. 1981:

Bell, M, 1981:

Berg, M. 1981:

Berger, Z. and Jensen, J.R. 1980:

Bergsma, E. 1974:

Spectral characteristics of
soil related to the interaction
of soil moisture, organic
carbon, and clay content.

LARS Information Note 081176,
Laboratory for Applications of
Remote Sensing. Purdue Univ.
West Lafayette, Indiana.

Application of SPOT simulated
data to the observation of an
intertidal zone the Loire
esturary (France). In: SPOT
Imagery simulation coastal
studies, SPOT Imagery
simulation, SPOT Image, sheet.

Valley sediments and
environmental change. In Jones
M. & Dimbleby G. (eds), The
environment of men : the Iron
Age to the Anglo-Saxon Period.
British Archaeological Reports,
British Series No. 87 : 75-91.

Study of the Segou rice land
test site (Ma1i?. In: Rice
cultivation. SPOT Image, Sheet
AG-2.

Modelling soil loss and flood
potential due to urganization
in humid subtropical
southeastern environments,
Sensing of Environment :
1057-1068.

'Soil erosion sequences on
aerial photographs.' ITC
Journal 3 : pp. 342-376.

Betts, N.L., Cruickshank, M.M. and Tomlinson, R.W. 1986 : An evaluation

SPOT-simulation imagery for
land-use mapping and ecological
investigations in upland areas
of Northern Ireland. Int. J.
Remote Sensing 7(6) : 779-790.




230

Beyer, E. 1983:

Binbin, X.U. and Dai Changda 1980:

Black, C.A. et al (eds) 1965:

(TM) Sensor geometry, Landsat-4
Scientific Characterization.

Early Results S . Proc,.
AR-22-T7, NWSA?GSI%CS Greenbelt,
MD.

Correlation analysis of organic
matter content and spectral
reflection properties of the
soil in Southern Xingian. Kexue

Tongbao, 25 (12): pp.1042-1045.

Methods of Soil Analysis

Part 1 Physical & Mineralogical
Properties.

Part 2 Chemical &
Microbiological Properties.
Monograph No.9 of the Agronomy
Series Am. Society of Agronomy,
Madison, Wisconsin, USA.

Blasco, F., Lavenu, F., Chaudhwry, M.V., Kerr, Y., Kadir, 0., Rashid,

Bolline, A. 1985:

M.H., Shahid, A. and Hossain,
D. 1981: Mangrove forest
resources and human activities
in the Ganges delta
(Bangladesh). In: Tropical
1ittoral studies SPOT Imagery
Simulation, SPOT Image, Sheet
0C-3.

Adjusting the Universal soil
loss equation for use in
Western Europe, In E1-Swaify
S.A., Moldenhauer, W.C. and Lo,
A. (eds): Soil Erosion and
Conservation, Soil Conservation
Soc. of Am. : pp. 206-213.

Bolinne, A., Hanotiaux, G. and Pirsart A. 1978: 'L' Erosion en milieu

agricole', Pedologie
28 : 233-245.

Borengasser, M.X. and Taranick, J.V. 1984: Evaluation of SPOT simulator

data for the detection of
alteration in goldfield/uprite,
Nevada. In : SPOT simulation
Agg1ication Handbook, Proc.
SPOT symp. ASPR, Virginia, US,

pp. 67-72.




Bostock, J.L. 1980:

Bower, M.M.

Bower, M.M,

Bower, M.M,

Bower, M.M.

Bowers, S.A. and Hanks, A.J. 1965:

Bowers, S.A. and Smith, S.J. 1972:

Brachet, G.

Bridges, M.

1960a:

1960b:

1961:

1962:

1986:

1979:

231

'The history of the vegetation
of the Berwyn Mountains, North
Wales, with Emphasis on the
Development of the Blanket
More', Unpublished Ph.D.
Thesis, Univ. of Manchester.

Peat Erosion in the Pennines',
Adv. Sci. 64:323-331.

The rosion of blanket peat in
the southern Pennines. E.
Midland Geographer No.13 :
22-33.

The distribution of erosion in
blanket peat bogs in the
Pennines. Trans. Inst. Brit.
Geog. 29 : 17-30.

The cause of rosion in blanket
peat bogs : A review of
evidence in the 1ight of recent
work in the Pennines. Scott.
geogr. Mag. 78 : pp. 33-43.

"Reflection of radiant energy
from soils." Soil Science, Vol.
100, no.2 : 130-138.

Spectrophotometric
determination of soil water
content. Soil Sci. Soc. Am.
Proc. 36 : 978-980.

SPOT : the first operational
remote sensing. In : K.H.
Szekielda (ed.) : satellite
remote sensing for resources
development, London : Graham &
Trotman, p. 59-80.

Glaisdale Moor fire site.
Report on transect
establishment and surveys.
Univ. of Hull, p. 21.




2352

Browning, G.M., Parish, C.L. and Glass,

Bryant, E., Dodge, A.G. and Warren, S.D.

Buchan, G.M. and Hubbard, N.K. 1986:

J. 1947: A method for
determining the use and
lTimitations of rotation and
conservation practices in the
control of soil erosion in
Iowa. J. Am. Soc. Agron., 39 :
65-73.

1980: Landsat for practical
forest type mapping : a test

case. Photogram. Engi. & Re.
Sens. 46(2) : 1575-5584.

Remote sensing in land-use
planning : an application in
west central Scotland using
SPOT-simulation data. Int. J.
Remote Sensing 7(6) : 767-777.

Buchheim, M.P., Maclean, A.L. and Lillesand, T.L. 1984: Forest cover

Buis, J.S. 1984:

Buringh, P. and Vink, A.P.A. 1961:

Burt, T.P. and Gardiner, A.T. 198%:

Carroll, D.M, and Bendelow, V.C. 1981:

type mapping and spruce budworm
defoliation detection using
simulated SPOT imagery. In:
SPOT Simulation Applications
Handbook. Proc. SPOT symp.
ASPR, Virginia, U.S. : pp.
259-266.

A comparative evaluation of
simulated SPOT, Thematic
Mapper, and simulated Thematic
Mapper data in a Western
ecozone. In: SPOT simulation
Application Handbook, Proc.
Symp. ASPR, Virginia, U.S. :
pp. 130-36.

The use of aeial photography in
relation to soil erosion and
soil conservation. ITC, Delft,
The Netherlands.

Some aspects of the runoff
response from a small
peat-covered catchment,
(Huddersfield Polytechnic,
Dept. of Geography).

Soils of the North York Moors,
Soil Survey : Special survey
No. 13. So1l Survey,
Harpenden, 132 pp.




233

Carter, V. 1978: Coastal wetlands : role of
remote sensing. In: Coastal
Mapping Papers Repr1nts from
Coastal Zone Symposium on
Technical, Environmental,
Soc1oeconom1c and Reg 1ato
Rspects of Remote Sens1ng,-%an
Francisco, CA. March 14-16,
1978 : pp. 1261-1279,

Carter, P. and Jackson, M.J. 1976: The automated recognition of
urban development from Landsat
images, Proc. Symp. Machine
Processing of Remotely Sensed
data, Pardue Univ., Lafayette,
I.N.

Carter, V. and Richardson, K. 1981: Landsat digital analysis :
implications for wetland
management. Seventh Int. Symp.

on Machine Proc. of Remotely
Sensed Data. Purdue Univ. pp.
220-229.

Chalmers, A.I. and Harris, R. 1981: Band ratios in multispectral
analysis of Landsat digital
data. In: Geological and
Terrain Analysis, J.A. Allan
and M. Bradshaw (eds) (Reading
: The Remote Sensing Society) :
p. 134,

Chapman, S.B. 1965: The ecology of Coom Rigg Moss,
Northumberland III, Some water
relations of the bog system.
J. Ecol. 53 : 371-84.

Chavez Jr., P.S. and Berlin, G.L. 1984: Digital processing of SPOT
Simulator and Landsat TM data
for the SP Mountain region,
Arizona. In : SPOT Simulation

App. Handbook, Proc. SPOT symp.
ASPR, Virginia, US : pp. 56-66.

Chidley, T.R.E. and Drayton, R.S. 1986: The use of SPOT-simulated
imagery in hydrological
mapping. Int. J. Remote
Sensing 7 {6) : 791-799.




234

Chorley, R.J. and Kennedy, B.A. 1971: Physical geography : A systems
approach. Prentice-Hall.
International, London. 370 pp.

Cipra, J.E. 1973: Mapping soil associations using
ERTS MSS data, in Proceedings
of Confer. on Machine
Processing of Remotely Sensed
data, LARS, Purdue Univ., Oct.
16-18, 1973 : pp. 3A-1-3A-10.

Civico, D.L., Kennard, W.C. and Lefor, M.W. 1986: Changes in
Connecticut Salt-mash
vegetation as revealed by
Historical aerial photographs
and computer-assisted
Cartographics. Envi.
Management V. 10 (2) : 229-239.

Coleman, R.A. 1977: Simple techniques for
monitoring footpath erosion in
mountain areas of north-west
England. Environmental
Conservation 4 (2) : 145-148,

Colwell, R.N. and Poulton, C.E, 1984: SPOT simulation imagery for
urban monitoring - a comparison
with Landsat TM and MSS imagery
and with High Altitude colour
infrared Photgraphy. In: SPOT
Simulation Applications
Handbook, Proc. 1984 SPOT Symp.
ASPR, Virginia, USA : pp.
139-145,

Combeau, A. and Noel, J. 1981: Study of a large-scale crop
cultivation area : Bassin
Parisien (France). In: Land
use, SPOT Imagery Simulation,

Condit, H.R., 1970: The spectral reflectance of
American soils.

Photogrammetric Engineering.
36 : 955-966.

Condit, H.R. 1972: Application of Characteristic
vector analysis to the spectral
energy distribution of daylight
and the spectral reflectance of
American soils. Appl. Optics.
11 : 74-86.




235

Connors, K.F., Garner, T.W., Peterson, G.W., Eyton, J.R. and Baumer,

Conway, V.M. 1954:

Cover, T.M. and Van Campenhout, V.M. 1977:

n
Crapper, P.F. and Hyson, K.C. 1983:

Crisp, D.T. 1966:

Crisp, D.T. and Robson, S. 1979:

Crouse, K.R., Hennings, D.L. and Thompson, D.R. 1983:

Curran, P.J. 1980:

G.M. 1984: Use of simulated
SPOT data for the evaluation of
landscape stability in a
semi-arid region, In:
Simulation Applications
Handbook. Proc. SPOT symp.
ASPR, Virginia, U.S. : pp.
220-28.

SPOT

Stratigraphy and pollen
analysis of southern Pennine
blanket peats. J. Ecol., 42 :
117-47.

On the possible orderings
in the measurement selection
problem. IEEE Trans. on
Systems, Man & Cybernetics,
Vol. SMC-7, No. 9 : pp.
657-661.

Change detection using Landsat
photographic imagery. Remote
Sensing of Environment T3 :
291-300.

Input and output of minerals
for an area of Pennine Moorland
: the importance of
precipitation, drainage, peat
erosion and animals. J. Appl.
Ecol. 3 : 327-48.

Some effects of discharge upon
the transport of animals and
peat in a North Pennine
headstream. J. Appl. Ecol. 16
1 721-36.

Spectral
reflectance of surface soils -
a statistical analysis. Digest
V. 1. Inter. Geoscience & R.S.
Symp. (1GAR35'83), San
Francisco.

Multispectral remote sensing of

vegetation amount. Prog. phys.
Geogr. 4 : 315.



236

Curran, P.J. 1985:

Curran, P.J. and Williamson, H.D. 1985:

Davis, P.A. and Charlton, J.A. 1986:

Principles of remote sensing.
Longman, London.

The accuracy of ground data
used in remote sensing
investigations. Int. J. Remote
Sensing V.6 (10) : T637-T651.

Remote sensing of coastal
discharge sites using
SPOT-simulation data. Int. J.
Remote Sensing 7 (6) : 815-824.

Degane, A., Lewis, L. and Downing, B. 1979: Interactive computer

Degloria, S.D. 1984:

Dimbleby, G.W. 1952:

Dimbleby, G.W. 1961:

Dimbleby, G.W. 1962:

Dimbleby, G.W. 1965:

simulation of the spatial
process of soil erosion, Prof.

Geogr. 31 : 184-190.

Evaluation of simulated SPOT
imagery for the interpretation
of agricultural resources in
California. In: SPOT
Simulation Applications
Handbook, Proc. SPOT symp.
ASPR, Virginia, USA : pp.
101-106.

Soil regeneration on the
north-east Yorkshire Moors. J.
Ecol. 40 : 331-4]

The Ancient forest of
Blackmore. Antiquity 35 :
123-8.

The development of British
heathlands and their soils.
Oxf. For. Mem. No. 23.

Post-Glacial changes in Soil
profiles. Proc. Roy. Soc. B.
161 : 355-62.

Dolan, M.G., Martin, S.R. and Warnick, L.J. 1984: Comparative

evaluation of simulated SPOT,
Landsat-TM and NHAP CIR data
for urban land cover and
impervious surface



237

identification. In: SPOT
Simulation Applications
Handbook, Proc. SPOT Symp.
ASPR, Virginia, USA : pp.
148-156.

Dottavio, C.L. and Williams, D.L. 1982: Mapping a southern pine

plantation with satellite and
aircraft scanner data : a
comparison of present and
future sensors. J. Applied
Photographic Engi. Voi. 8(1):
58-62.

Dottavio, C.L. and Dottavio, F.D. 1984: Potential benefit of new

Douglas, I. 1970:

Duggin, M.J. 1983:

Dymond, J.R. and Hicks, D.L. 1986:

satellite sensors to wetland
mapping. Photogram. Engi. and
R.S. vol. 50 (5) : 599-606.

Sediment yields from forested
and agricultural lands. In:
Taylor, J.A. (ed), The role of
water in agriculture. Oxford :
Pergamon, 57-58.

The effect of irradiation on
vegetation condition
assessment. Int. J. Remote

Sensing 4 : 601.

Steepland erosion measured from
historical aerial photographs.
J. Soil and Water Conser. 41
(4) : 253-b5.

Edwardo, H.A., Koryak, M., Miller, M.S., Wilson, H., Merry, C.J. and

E1Tison, W.D. 1947:

McKim, H.L. 1984: Spatial
analysis in recreation resource
management for the Berlin Lak
reservoir project. In: SPOT
Simulation Applications
Handbook. Proc. SPOT Symp.
ASPR, Virginia, U.S. : pp.
209-T9.

Soil erosion studies. Agric.
Engng. 28 : 145-450.



238

Ellefsen, R. and Peruzzi, D. 1976:

Emery, K.A. 1975:

Engel, J.L. and Weinstein, 0. 1983:

Ernst (Dottavio), C.L. and Hopper, R.M.

Essery, C.I. and Wilcock, D.N. 1986:

Evans, R. 1971f

Evans, R. 1977:

Eyre, L.A. 1971:

Ezra, C.E., Tinney, L.R. and Jackson, R.

Landuse change detection from
Landsat and Skylab satellites,
Proc. 13th Congress of the Int.
Soc. for photogrammetry,
Commission VII, Helsinki.

Identification of soil erosion
from aerial photographs. J.
Soil conservation Service of
New South Wales, 31 (3}, 1975,
pp. 219-240.

The thematic mapper - an
overview. IEEE Trans. Geoscience
and R.S. Vol. GE-21 (3) :
258-265.

1979: Using Landsat MSS data
with soils information to
identify wet land habitats.

In: Satellite Hydrology, Fifth
Pecora Memorial Symp., Sioux
Falls, SD. P-474-478.

An appraisal of SPOT imagery to
investigate landuse in the
River Main drainage basin, N.
Ireland. Irish Geography 19 :
15-22.

The need for soil conservation.
Area, 3 : 20-23,

Overgrazing and soil erosion on
hill pastures with particular
reference to the Peak District.
J. of the British Grassland

Society 32 : 65-76.

High altitude colour photos.
Photo. Eng. 37 : 1149-1153.

D. 1984: Effect of soil
background on vegetation
Discrimination Using Landsat
data. Remote Sensing of
Environment 16 : 233-242.




239

Favard, J.C. and Chaudbury, M.U, 1982:

Fenton, T.E. 1982:

Flemming, A. 1971:

Foster, G.R. and Meyer, L.D. 1977:

Frank, T.D., 1984:

Fullen, M.A. 1979:

Gimbarzevsky, P. 1972:

Gimingham, C.H. 1972:

Godwin, H. 1956:

Spot Simulations in Bangladesh.
Advance Publ. of the Selected
Papers at the 16th Int. Symp.
on Remote Sensing of
Environment, Michigan, Vol. I :

pp. 497-502.,

Estimating soil erosion by
remote sensing techniques. In:
C.J. Johannsen and J.L.
Sanders, Remote Sensing for
Resource Management, Soil
Conserv. Soc. Am. : pp.

2V7-281.

Bronze~age agriculture on the
marginal lands of north-east
Yorkshire. Agric. Hist. Rev.
19 ¢ 1-24.

Soil erosion and sedimentation
by water - an overview. In:
Proceedings of the Nat. Symp.
on Soil Erosion and
Sedimentation by water, ASAE,
Michigan : pp. 1-13.

The effect of change in
vegetation cover and erosion
patterns on albedo and texture
of Landsat Images in a semiarid
environment. Annals of the
A.A.G. 74 (3) : 393-407.

The effects of different
intensities of burning on the
Egton High Moor Heather Plots.

Report, Dept. of Geography,
Un%versity of Hull.

Terrain analysis from
small-scale aerial photographs.
Proc. 1st Canadian Symp. on
Remote Sensing : pp. 367-377.

Ecology of heathlands. Chapman
and Hall, London. 266 pp.

The history of the British
Flora. C.U.P., Cambridge. 384

Pp.




240

Gordon, S.I. 1980: Utilizing Landsat imagery to
monitor land-use change : a
case study in Ohio, Remote

Sensing of Environ. 9 :
189-196.

Gregory, K.J. and Gardiner, V. 1975: Drainage density and climate,
z.f. Geomorph., 19 : 287-98.

Guyon, D., Riom, J., Selleron, G. and Torres, C. 1981: Coniferous
forests : Cluster pine stands
in the Landes forest of S.W.
France. In: Forestry, SPOT
Imagery Simultation, SPOT
Image, Sheet FO-2.

Haack, B.N. 1983: An analysis of Thematic Mapper
Simulator data for urban
environments, Remote Sensing
Environ. 13 (3) : 265-275.

Haack, B., Bryant, N. and Adams, S. 1987: An assessment of Landsat MSS
and TM data for Urban and
Near-Urban Land-Cover Digital
Classification. Remote Sensing
of Environ., 21 : 201-213.

Haffey, D.J. 1978: A recreational and ecological
assessment on the Moorlands of
the North York Moors National
Park. Unpublished M.Phil.
Thesis, University of York.

Hancock, P.J. 1982: Landsat multispectral scanner
and radiometer investigations
of selected bare particulate
flood plain surfaces in
Basilcata Prov. southern Italy.
Ph.D. Thesis, Jan. 1982, Dept.
of Geography, University of
Reading, U.K.

Hardisky, M.A. and Klemas, V. 1983: Tidal wetlands natural and
human-made changes from 1973 to
1979 in Delaware: mapping
techniques and results.
Environmental Management Vol. 7
{4) + 339-344,




241

Harris, J.W.E., Dawson, A.F. and Goodenough, D. 1978: Evaluation of

Harris, R, and Weaver, R.E. 1985:

Harvey, A.M.

Hoffer, R.M.

Hoffer, R.M.

Hoffer, R.R.

1974:

1978:

and Johannsen, C.J. 1969:

and Staff 1975:

Landsat Data for Forest Pest
detection and damage appraisal
surveys in British Columbia.
Environment Canada, Canadian
Forestry Service, Pacific
Forest Research Centre,
Victoria, B.C. 12 p.

Vegetation discrimination in
the North York Moors : an
assessment of multitemporal
SPOT simulation data. Final
Report on the 1984 SPOT
Simulation Campaign submitted
to National Remote Sensing
Center, Royal Aircraft
Establishment, Farnborough.

Gully erosion and sediment
yield in the Howgill fells,
Westmorland, in Gregory, K.J.
and Walling, D.E. (eds{

Fluvial Processes in
Instrumented Watersheds.

(Inst. Brit. Geogr. Spec. Publ.
No. 6) : pp. 45-58.

Biological and Physical
considerations in Applying
Computer aided analysis
techniques to remote sensor
data. In: P.H. Swain and S.M.
Davies (ed) : Remote Sensing :
The Quantitative Approach,
McGrow-HiTT, USA : p. 227-286.

Ecological potentials in
spectral signature analysis.
In: Johnson, P.L. (ed). Remote
Sensing in Ecology. University
of Georgia Press, Athens,
Georgia : pp. 1-16.

Computer aided analysis of
Skylab Multispectral Scanner
Data in Mountainous Terrain for
land use, forestry, Water
resources and geologic
applications. LARS Information
Note 121275 : pp. 188-233.




242

Holben, B.N, and Justice, C.0. 1980:

Holben, B.N. and Justice, C.0. 1981:

Howarth, P.J. and Boasson, E. 1983:

Hudson, N.W. 1971:

The topographic effect on
spectral response from
radio-printing sensors.
Photogramm. Engng. Remote

Sensing 46 : 1191,

An examination of spectral band
ratioing to reduce the
topographic effect on remotely
sensed data. Int. J. Remote

Sensing 2 : 115,

Landsat Digital Enhancements
for change detection in urban
environments. Remote Sensing
of Environment 13 : 149-160.

Soil conservation. Connell
Univ. Press, Ithaca, N.Y. 320
PP.

Huete, A.R., Post, D.F. and Jackson, R.D. 1984: Soil spectral effects

Hume, E., McMorrow, J. and Southey, J.

Imeson, A.C. 1970:

Imeson, A.C. 1971:

on 4-space Vegetation
Discrimination. Remote sensing
of environ. 15 : 155-165.

1986: Mapping semi-natural

grassland communities from
panchromatic aerial photographs
and digital images at SPOT
wavelengths. In: Mapping from
modern imagery acquisition and
revision of spatial
information, Proc. Symp.
Commission IV, Int. Soc.
Photogrammetry and Remote
Sensing and the Remote Sensing
Soc., Edinburgh, Scotland, 8-12
Sept., 1986 : pp. 386-395.

Erosion in three east Yorkshire
catchments and Variations in
the dissolved, suspended and
bedlocads. Ph.D. Thesis,
University of Hull.

" h
Heag&r burning and soil erosion
on the North Yorkshire Moors.
J. Appl. Ecol. 8 : 537-592.




243

Imeson, A.C. 1974: The origin of sediment in a
moorland catchment with
particular reference to the
role of vegetation. In:
Gregory, K.J. and Walling,

D.E. (eds), Fluvial Processes
in Instrumented Catchments, IBG
Special Publication 6 : 59-72.

Ingram, H.A.P. 1967: Problems of hydrology and plant
distribution in mines. J.
Ecol. 55 : 711-24.

Ioka, M. and Koda, M. 1986: Performance of Landsat-5 TM
data in land-cover
classification. Int. J. Remote
Sensing Vol. 7 (12): 1715-1728.

Irons, J.R., Markham, B.L., Nelson, R.F., Toll, D.L., Williams, D.L.,
Latty, R.S. and Stauffer, M.L.
1985: The effects of Spatial
resolution on the
Classification on Thematic
Mapper data. Int. J. Remote

Sensing Vol. 6 (8) : 1385-1403.

Irons, J.R. and Kennard, R.L. 1986: The utility of Thematic Mapper
sensor characteristics for
surface mine monitoring.
Photogram. Engi. and R.S. Vol.
52 (3) : 389-3%6.

Ishaq, A.M. and Huff, D.D. 1974: Application of remote sensing
to the location of
hydrologically active (source)
Areas. Proc. 9th Int. Symp.
Remote Sensing of Environ.,
Michigan, Vol. 1 : 653-666.

Jackson, R.D., Slater, P.N. and Pinter Jr., P.J. 1983: Discrimination
of Growth and Water stress in
Wheat by various vegetation
indices through Char and Turbid
Atmospheres. Remote Sensing of
Environ. 13 : 187-208.

Jantawat, S. 1985: An overview of soil erosion and
sedimentation in Thailand. In:
S.A. E1-Swaify, W.C.
Moldenhauer and A. Lo (eds)
Soil erosion and Conservation.
SoiT Sci. Soc. Am. pp. T0-T3.




Jensen, J.R. And Toll, D.L.

244

1982:

Johnson, R.H. 1957:

Johnson, G.A.L. and Dunham, K.C. 1963:

Johnston, R.J. 1980:

Jones,

Jones,

Jones,

Jones,

Jones,

Jones,

A.D. 1976:

R.G.B. and Keech, M.A, 1966:

R.L. 1976:

R.L.

1977:

R.L. 1978:

R.L., Cundill, P.R. and Simmons,

Detecting residential land-use
development at the urban
fringe,

Photogram. Eng. Remote
48 {4) : 629-643.

Sens.

‘Observations on the stream
patterns of some peat moorlands
in the southern Pennines’', Mem.
Proc. Machr, Lit. and Phil,
Soc., 99 : A

110-27.

The Geology of Moor House,
THMSQO, London).

Multivariate Statistical
Analysis in Geography.
Longman, London. pp. 224-252.

Photographic data extraction
from Landsat images.
Photogram. Eng. 42 (11) :
1423-1426.

Identifying and assessing
problem areas in soil erosion
surveys using aerial
photographs. Photogrammetric
Review, 27 : 189-197.

Late Quaternary vegetational
history of the North York
Moors, IV Seamss Carrs. J. of

Biogeog. 3 : 397-406.

Late Quaternary vegetational
history of the North York
Moors. v. the Cleveland Dales.
J. of Biogeog. 4, 353-62.

Late Quaternary vegetational
history of the North York
Moors. VI. The Cleveland Moors.
J. of Biogeog. 5:81-92,

1.G. 1979: Archaeology and
palaeobotany on the North York
Moors and their environments.
The Yorkshire Archaeological
Journal. Vol. 51:15-22.




245

Jordan, T.R. and Welch, R. 1984: Photogrammetric mapping of soil
erosion from low altitude
aerial photographs. Tech.
Papers, 50th Annual Meeting,
ASP, Vol. Il ASS-ACSM
Convention. March 11-16, 1984,
p.848.

Justice, C.0., Wharton, S.W. and Holben, B.N. 1981: Application of
digital terrain data to
quantify and reduce the
topographic effect on Landsat
data. Int. J. remote sensing,
2 : 213,

Karaska, M.A., Walsh, S.J. and Butler, D.R. 1986: Impact of
environmental variables on
spectral signatures acquired by
the Landsat thematic mapper.
Int. J. Remote Sensing 7(12) :
1653-1667.

Keech, M.A. 1972: "Aerial photography applied to
the assessment and control of
soil erosion caused by water."
Atti delle gironate di studio
della la sezione CIGR, Firenze
: 168-177.

Kendall, M.G. 1972: A course in multivariate
analysis. 5th Ed., Griffin,
London. 185 pp.

f

ﬁﬁshnan, P., Alexander, J.D., Butler, B.J. and Hummel, J.W. 1980:
Reflectance technique for
predicting soil organic matter.
Soil Sc. Soc. Am. J. 44 :
1282-1285.

Kristof S.J., Baumgardner, M.F. and Johannsen, C.F. 1974: Spectral
mapping of soil organic matter.
ITC J. 4, pp. 479-489.

Kristof, S.J. and Zachary, A.L. 1974: Mapping soil features from MSS
data. Photogramm. Engng.
40 : 1427,




246

Kristof, S.J., Baumgardner, M.F., Weismiller, R.A. and Davis, S. 1980:

Application of multispectral
reflectance studies of soils :
pre-Landsat. Machine
Processing of RemoteTy Sensed

Data Symposium : pp.52-61.

Kirschner, F.R., Kaminsky, S.A., Weismiller, R.A., Sinclair, H.R. and

Kornblau, M.L. & Cipra, J.E. 1983:

Labovitz, M.L. 1986:

Lal, R. 1976:

Landgrebe, D. 1976:

Langrau, K.J. 1983:

Lathrop, R.G. and Lillesand, T.M. 1986:

Hinzel, E.J. 1978: Map unit
composition assessment using
drainage classes defined by
Landsat data. Soil Sc. Soc. of
Am. J. 42 : 768-771.

Investigation of Digital
Landsat Data for mapping Soils
Under Range Vegetation. Rem.
Sen. Environ. 13 : 103-112.

Issues arising from sampling
designs and band selection in
discriminating ground reference
attributes using remotely
sensed data. Photogram. Engi.
& R.S. 52(2) : 20T-217.

Soil erosion problems on an
alpisol in western Nigeria and
their control. Monograph No.l.
Int. Inst. Tropical Agr.
Ibadan, Nigeria.

Computer-based remote sensing
technology - a loot to the
future. Remote Sensing of
Environ. 5 : 229-246.

Potential for monitoring soil
erosion features and soil
erosion modeling components
from remotely sensed data.
Digest V.II, Int. Geoscience
and Remote Sensing Symp. San
Francisco. Aug. 31-Sept.2.

Use of Thematic Mapper data to
assess water quality in Green
Bay and Central Lake Michigan.

Photogram. Engi. & R.S. 52(5) :
671-680.




247

Latty, R.L. and Hoffer, R.M. 1980: Waveband evaluation of proposed
Thematic Mapper in forest cover
classification. Proceedings,
Am. Soc. of Photogrammetry
Symp., Niagara Falls, N.Y.

Latty, R.L. and Hoffer, R.M. 1981: Computer-based classification
accuracy due to the spatial
resolution using per point and
per-field classification
techniques. Machine Processing
of Remotely Sensed data Symp.
West Lafayette, Indiana : pp.
384-392,

Latz, L. K., Weismiller, R.A., van Scoyoc, G.E. 1981: A study of
spectral reflectance on
selected eroded soils of
Indiana in relationship to
their chemical and physical
properties. LARS tech. Rept.
082181 Purdue Univ. p.64.

Latz, L.K., Weismiller, R.A., van Scoyoc, G.E. and Baumgardner, M.F.
1984: Characteristic variations
in spectral reflectance of
selected eroded alfisols. Soil
Sci. Soc. Am. J. 48 :
1130-1134.

Lant, P., Heyligers, P.C., Keig, G., Loffler, E.W., Margules, C., and
Scott, P. 1977: Environments of
South Australia, handbook,
Division of Land Use Research,
CSIRO, Australia.

Lillesand, T.M. and Kiefer, R.W. 1979: Remote Sensing and Image
Interpretation. John Wiley &
Sons, N.Y. pp. 350-359.

Lloyd, C.H. and Eley, G.W. 1952: Graphical solution of probably
soil loss formula for the
northeastern region. J. Soil &
Water Conserv. 7 : 189-191.

Lo, C.P. 1976: Geographical applications of
aerial photography. Crane
Russak : New York: David &
Charles : Newton Abbot, London.




248

Lo, C.P. 1986:

Lueder, D.R. 1959:

Mabey, R. 1980:

Applied Remote Sensing.
Longman, UK Ltd. p.T.

Aerial photographic
interpretation, New York :
McGraw HiTT.

The common ground. Hutchinson
and Co., London, 280 pp.

Malila W.A., Metzler, M.D., Rice, D.P. and Crist, E.P. 1984:

Malgram, R.C. and Garn, H.S. 1975:

E
Ma1tby1(1979:

Maltby, E. 1980:

Characterization of Landsat-4
MSS and TM Digital Image Data.
IEEE Trans. Geoscience &
Rem.Sen. Vol. GE-22(3) : pp.
177-197,

Use of colour infrared
photography for forest land
inventories. J. Soil & Water
Cons. 30(3) : 125-128.

Moorland research project : a
preliminary discussion document
outlining progress to date and
future work. Dept. of
Geography, Exeter University.

The impact of severe fire on
calluna moorland in the North
York Moors. Bull. Ecol.
t.11(3) : 683-708.

Markham, B.L. and Townshend, J.R}G. 1981: Land cover classification

accuracy as a function of
sensor spatial resolution.
Proc. 15th Int. Sym. Remote

Sensing of Env. Michigan, Vol.
IIT : pp. 1075-1090.

Maslanik, J.A., Bonner Jr., W.J. and McKinley, R.A. 1984: An assessment

of SPOT simulator data for
rangeland resource mapping.

In: SPOT Simulation Application
Handbook, Proc. SPOT Symp.
ASPR, Virginia, U.S. pp.
122-129.




249

@

Matthews, H.L., Cunningham, R.L. and Peterson, G.W. 1973{ Spectral

Matthews, H.L., Cunningham, R.L., Cipra,

McVean, D.N. and J.D. Locikie 1969:

Merritt, E.S. 1984:

Michelbacher, V.M. 1978:

Milazzo, V.A. and Deangelis, R.H. 1984:

Miller, G.R. and Watson, A. 1974:

Miller, G.R. and Watson, A. 1974:

reflectance of selected
Pennsylvania soils. Soil Sci.
Soc.Am. Proc. 37 : 42T1-424.

4

J.E. and West, T.R. 1973
Application of multispectral
remote sensing to soil survey
research in south eastern
Pennsylvania soils. Proc. Soil
Sci. Soc. Am, 35 : 33.

Ecology & Landuse in upland
Scotland, Edinburgh, pp. 24-35.

Preliminary evaluation of
simulated SPOT data acquired 6
July, 1983, Morton county,
North Dakota. In: SPOT
Simulation Application
Handbook, Proc. SPOT Symp.
ASPR, Virginia, U.S. :

pp. 109-114.

Vegetative-soil relationships
used to identify soil erosion
with remote sensing. Masters
thesis. School of forestry,
Fisheries & Wildlife, Univ.
Mo., Columbia.: 137 pp.

Applications of simulated SPOT
data to mapping landcover
patterns and changes in an
urban fringe environment. In:
SPOT Simulation Application
Handbook. Proc. SPOT Symp.
ASPR, Virginia, U.S. :

pp. 165-170.

Some effects of fire on
vertebrate herbivores in the
Scottish Highlands. Proc.
Annual Tall Timbers Fire
EcoTogy Conf. 12 : 39-64.

Heather moorland : a man-made
ecosystem. In : A Warren and
F.B. Goldsmith (eds.)
Conservation in practice.
WiTey, London. 145-66.




250
Mills, G.F. 1972:

Milton, E.J. 1980:

Mitchell, J.K. and Bubenzer, G.D, 1980:

Montgomery, 0.L. 1976:

Moorland Research 1977-79:

The application of
multispectral remote sensing to
the study of soil properties
affecting erosion. In:
Resource satellites and Remote
airborne Sensing for Canada;
Proc. 1st Canadian Symposium
Remote Sensing, Ottawa, 1972,
Vol (2) : 731-744,

A portable multiband radiometer
for ground data collection in
remote sensing. Int. J. Remote

Sensing 1 : 153-65.

Soil loss estimation In: Soil
erosion, edited by M.J. Kirkby
& R.P.C. Morgan. John Wiley &

Sons Ltd. p.17.

An investigation of the
relationship between spectral
reflectance and the chemical,
physical and genetic
characteristics of soils. Ph.D.
thesis, Purdue Univ. West
Lafayette, Indiana.

The North York Moors National

Park, York, pp. 1-40.

Mooriand Research in the North York Moors, 1980-1983: North York Moors

Morgan, K.M. and Nalepa, R. 1982:

National Park Committee, York.

Application of aerial
photographic & computer
analysis to the USLE for wider

erosion studies, J. Soil &
Water Cons. 37 : 347-350.

Morgan, K.M., Lee, G.B. Kiefer, R.W. Daniels, T.C., Bubenzer, K.D., and

Murdock, J.T., 1978: Prediction
of soil loss on cropland with

remote sensing. J. Soil & Water
Cons. 33 : 291-293.

Morgan, K.M., Morris-Jones, D.R., Lee, G.B. and Kiefer, R.W. 1979:

Cropping management using
colour and colour infrared
aerial photographs.



251

Photogrammetric Engineering &
Remote Sensing Vol. 45(6) :
7169-774.

Morgan, K.M., Morris-Jdones, D.R., Gershaw, G.B. and Kiefer, R.W. 1980:
Airphoto analysis of erosion
control practices,
Photogrammetric Engineering &
Remote Sensing 46 : 637-642.

Morgan, K.M., Morris, D.R., Lee, G.B., Kiefer, R.W. Bubenzer, G.D. and
Daniel, T.C. 1980: Aerial
photography as an aid to
cropland erosion analysis.
Transactions, American Society
of Agricultural Engineers,
23(4), 1980, pp. 907-909, 913.

Morgan, R.P.C. 1973: The influence of scale in
climate geomorphology : a case
study of drainage density in
West Malaysia, Geografiska Ann.
55-A : 107-15.

Morgan, R.P.C. 1980: Soil erosion and conservation
in Britain, Progress in
Physical Geography 4 : 24-47,

Morgan, R.P.C. 1980: Preliminary testing of the
CREAMS erosion submodel with
field datafrom Silsoe,
Bedfordshire, England. Int.
Inst. Apply. System Anal.
ColTlaborative paper CP-80-21.

Morgan, R.P.C. 1981: The role of plant cover in
controlling soil erosion In: T,
Tingsanchali & H. Rogers (ed):
Proceed. S.E. Asian Reg. Symp.
on Prob. Soil Erosion and
Sedi., A.I.T., Bangkok, 27-29
Jan. pp. 255-265.

Morgan, R.P.C. 1985: Soil degradation and erosion as
a result of agricultural
practice, p.379-395. In K.S.
Richards, R.R. Arnett & S.
E11is (ed) : Geomorphology &
Soils, George Allen & Unwin,

UK. pp. 441.



Morgan, R.P.C. 1986:

Morrison, D.F. 1967:

Morrisey, L.A., Weinstock, K.J., Mouat,

Morton, A.J. 1986:

Moss, C.E. 1904:

Moss, C.E. 1913:

Musgrave, G.W. 1947:

Narayana, D. and Sastry, G.

NASA 1984:

National Park Report 1980:

1985:

- 252

Soil erosion and conservation.
Longman U.K. pp.I1-11, 93.

Multivariate Statistical
Methods, McGraw-HiTT, New York
380p.

D.A. and Card, D.H. 1984:
Statistical Analysis of
Thematic Mapper Simulator data
for the Geobotanical
Discrimination of rock types in
Southwest Oregon. IEEE Trans.
on Geoscience & Rem.Ssensing.
Nov. 1984, vol. GE-22(6) :

pp. 525-529,

Moorland plant community
recognition using Landsat MSS
data, R.S. Envi, 20 : 291-98.

Peat mosses of the Pennines :
their age, origin and
utilization. Geogr. J.

23 : 660-71.

Vegetation of the Peak
District, (Cambridge Univ.
ress).

The quantitative evaluation of
factors in water erosion - a
first approximation. J. Soil &
Water Conserv. 2 : 133-38.

Soil conservation in India. In.
S.A. E1-Swaify, W.C.
Moldenhauer and A. Lo (eds)
Soil Erosion and Conservation,
Soil Sci. Soc. Am. p. 3.

A prospectus for Thematic
Mapper Research in Earth
Science, NASA Tech. Memorandum
86149, 65 p.

North York Moors National
Park, England.



253

Nelson, R.F., Latty, R.S. and Mott, G. 1984: Classifying Northern

Forests using Thematic Mapper

Simulator Data. Photogram.
Engi. & KSuVotsqéj:

607-617.

Nie, V.H., Hull, C.H., Jenkins, J.C, Steinbrenner K. and Bent, D.H.

1970: Statistical packages for
the social sciences, 2nd
Edition. McGraw-Hill, New York
675 pp.

North York Moors National Park Plan Report : First Review 1984: North

Obukhov, A.I. and Orlov, D.S. 1964:

Osvald, H. 1949:

Page, W.R. 1974:

Park, C.C. 1980:

Parks, N.F., Connors, K.F., Petersen, G.

York Moors National Park
Department, York pp. 100.

Spectral reflectivity of the
major soil groups and
possibility of diffuse
reflections in soil
investigation. Soviet Soil Sc.
11 ¢ 174-184.

Notes on the vegetation of
British & Irish mosses. Acta
Phytogeogr. Suecica 26 : 7-62.

Estimation of organic matter in
Atlantic Coastal Plain soils
with a color Difference Meter,
Agronomy Jour. Vol.66 :
652-653.

Ecology and environmental
management, Dawson, Kent, 272

Pp.

W., Gardner, T.W., Eyton, J.R.,
Baumer, G.M. and Turner, B.J.
1984: Vegetative cover and
hydrologic transport studies in
the bituminous coal fields of
Pennsylvania using simulated
SPOT data. In: SPOT Simulation
Applications Handbook. Proc.
SPOT symp. ASPR, Virginia, U.S.
: pp. 229-237.




254

Parry, J.7., Cowan, W.R. and Heginbottom, J.A. 1969: Soil studies

using colour photos. Photo.
Eng. 35(1) : 44-57.

Parry, M.L., Bruce, A. and Harkness, C.E. 1981: Changes in the Extent

of Moorland and Roughland in
the North York Moors. Univ. of
Birmingham.

Patterson, F.A. and McAdams, P.M. 1980: The Use of Landsat data to

produce erosion hazard
potential maps: NASA National
Space Technology Laboratories.

Pazar, S.E., Weismiller, R.A., Baumgardner, M.F. and van Scoyoc, G.E.

Pearsall, W.H. 1941:

Pearson, R.L. and Miller, L.D. 1972:

Pennington, W. 1974:

1982: Spectral characterization
of iron oxide and organic
matter interactions in eroded
soils. Machine Processing of
Remotely Sensed Data Symposium,
Purdue Univ. Laffayette, U.S.
July 7-9 p. 309.

'The "mosses of" the Stainmore
district'. J. Ecol. 29 :
161-75.

Remote sensing of crop biomass
for estimation of crop
productivity of the short
prairie. Proceedings of the
8th Inter. Symp. on Rem. Scns.
of the Envi., Ann Arbor,
Michigan : p. 1357.

The history of British
vegetation. 2nd edition.
EngTish Univ. Press, London,
152 pp.

Peterson, J.B., Beck, R.H. and Robinson, B.F. 1979: Predictability of

Phillips, J., Yalden, D. and Tallis, J.

change in soil reflectance on
wetting. Proc. Symp. Machine
Processing of Remotely Sensed
Data. b5th (West Lafayette,
Indiana), I : 253.

1981: Moorland erosion study,
Phase 1, Report, Peak District
National Park. 273 pp.




- 255
and Nelson, D.J. 1984:

Pickup, G.

Pihan, J.

Pitts, D.E. and Badhwas, G. 1980:

Poole, D.H., 1969:

Price, J.C., 1984:

Radley, J. 1962:

Revillion, P.Y. 1981:

Richardson, C.W., Foster, G.R. and Wright, D.A. 1983:

Use of landsat radiance
parameters to distinguish soil
erosion, stability, and
deposition in arid central
Australia. Remote Sensing
Environ. 16 : 195-209.

Soil erosion detection using
infra-red colour oblique aerial
photography. In: Boodt,

_M.D.E..and Gabriels; D7~ ~— "~
{eds), Assessment of erosion,
John Wiley and Sons,
Chichester, U.K.

Field size, length, and width
distributions based on LACIE
ground truth data. Remote
Sensing Environ. 10 : 201.

Slope failure forms : their
identification, characteristics
and distribution as dipicted by
selected remote sensor returns.
Proc. 6th Int. Symp. on Remote
Sensing Environment, Vol. II,
Oct., 13-16, Michigan, Ann
Arbor, U.S.A. : pp. 927-965.

Statistical analysis of SPOT
simulation data and comparison
with Landsat 4 Thematic Mapper
data. In: SPOT Simulation
Agglications Handbook. Proc.
SPOT Symp. ASPR, Virginia,

u.s. : p. 157.

Peat erosion on the high moors
of Derbyshire and West
Yorkshire. E. Midld. Geogr. 3
: 40-50.

Land use in Corsica - a multi
thematic approach. In:
LandUse, SPOT Imagery
SimuTation, SPOT, Sheet 0S-1.

Estimation of
erosion index from daily
rainfall amount, Trans. ASAE
26 : 153-156.



256

Riom, J. and C. Torres 1981:

Roebig, J.H., Hardy, E., Bryant, R. and

Roose, E.J. 1971:

Roose, E.J. 1977:

Ruff, J.F. 1974:

Rubec, C.D. and Thie, J. 1978:

Use of simulated SPOT imagery
for the study of oak mortality
in Troncais forest (France).
In:  Forestry, SPOT Imagery
Simulation, SPOT, Sheet FO-1.

Guetti, B. 1984: SPOT
potential for land use/land
cover classification in using
image enhancement and computer

_ processing. --In: SPOT

Simulation Applications
Handbook. Proc. SPOT Symp.
ASPR, Virginia, U.S. : pp.

251-58.

Influence des modifications du
milieu natural surl'erosion:

le bilan hydrique et chimique
suite a 1a mise en culture sous
climat tropical, Cyclo. ORSTOM.
Adiopodoume, Ivory Coast.

Use of the Universal soil loss
equation to predict erosion in
West Africa. In: Soil
Erosion: Prediction and
Control, Proc. of a Nat. Conf.
on Soil Erosion, May 24-26,
1976, Purdue Univ. West
Lafayette, Indiana, Soil .
Conserv. Soc. Am., Ankey, lowa
: pp. 60-79.

Clarks Fork yellowstone River
remote sensing study. J. Hydr.
Div., Am. Soc. Civil Eng. 100
(6) : TO6-1T1.

Landuse monitoring with Landsat
digital data in southwestern
Manitoba. Proc. 5th Canadian
Symposium on Remote Sensing,
Victoria B.C. : pp. 136-149.

Sailer, C.T., Mann, L.J., Ester, J.E., Eckhardt, D. and Goetz, S. 1984.

Discrimination of orchard and
truck crops near oxnard
California using SPOT simulator
data. In: SPOT Simulation
Applications Handbook. Proc.
SPOT Symp. ASPR, Virginia,

U.S. : pp. 115-121.




257

Saint, G., Podaire, A., Fourrier, Ph., Meyer-roux, J. and Cordier, P.
1981: Prospects for using SPOT
multispectral data. In:
Agricultural Statistics, SPOT
Imagery Simulation, SPOT Image,
Sheet AG-1.

Salomonson, V.V., Smith Jr., P.L., Park, A.B., Webb, W.C. and Lynch,
T.J.1980: An overview of
Progress in the design and

.- - - - - - ——implementation of Landsat-D- — -
Systems. IEEE Trans. Geo. Sci.
and R.S., V.GE-18 (2) : 137-146,

Seubert, C.E., Baumgardner, M.F., Wiesmiller, R.A. and Kirschner, F.R,
1979: Mapping and estimating
areal extent of severely eroded
soils of selected sites in
Northern Indiana. pp. 234-238.

Sharp, C.F.S. 1960: Landslides and related
phenomena. Patterson, New
Jersey: Pageant Books, Inc.

Shimwell, D.W. 1981: Disappearing Peak. The
Geographical Magazine, August,
p. 684,
Siegal, B.S. & Abrams, M.J. 1976: Geologic mapping using Landsat
: data. Photogr. Eng. & Rem.
Sens., Vol. 42 (3) : 325-357.
Siegal, B.S. & Goetz, A.F.H. 1977: Effect of vegetation on rock

and soil type discrimination.
Photogr. Engi. & Rem. Sensing
43 (2) : pp. 191-196.

Simon, B., Keita, N.D., Bardinet, C. and Monget, J.M. 1981: Geological
study of simulated SPOT imagery
of the Band;agara region (Mali,
West Africa). In: Geology,
SPOT Imagery Simulation, SPOT
Image, Sheet GE.

Simmons, I.G. 1969: Pollen Diagrams from the North
York Moors. New Phytol. 68 :
807-27.




Simmons,

Simmons,

Simmons,

Simmons,

Simmons,

Simmons,

Simmons,

258

. 1975:

. 1976:

.G. and Cundill, P.R. 1969:

. and Cundill, P.R. 1974a:

. and Cundill, P.R. 1974b:

. and Innes, J.B. 1981:

Sinclair, G.A. 1965:

Towards an ecology of
Mesolithic man in an uplands of
Great Britain. J.

Archaeol. Science 2 : 1-15,

Protection and development in
the national parks of England
and Wales : the role of the
physical environment.

Geografia Polonica 34 : 379-90.

Biogeography : Natural and
Cultural. Edward Arnold Ltd.,
U.X. : pp. 318-19,

Vegetation history during the
Mesolithic in North-East
Yorkshire. Yorks. Archaeol. J.
62 : 325-327.

Pollen analysis and

vegetational history of the
North York Moors : I. Pollen
analysis of blanket peat. J.

Biogeog. 1 : 159-169. -

Late Quaternary Vegetative
history of the North York Moors
: 1I. Pollen analysis of land
slip bogs. J. Biogeog. 1 :
253-261.

Tree remains in a North York
Moors peat profile. Nature
Vol. 294 (5836) : 76-78.

Land utilization survey sheet
no. 753. 1 : 25,000 : Isle of

Thanct, Geog. Assoc.

Singer, M.J., Huntington, G.L. and Sketching, H.R. 1976: Erosion

prediction in California
Rangeland: Research,
Developments and Needs, in
(Soil Erosion Prediction and
Control) Proc. Soil Cons. Soc,
of America : pp. 143-151.







269

Stephens, P.R., Daigle, J.L. and Cihlar, J. 1982: Use of sequential

Spratt, D.A. and Simmons, I1.G. 1976:

Stallings, J.H. 1957:

Stauffer,

Stephens,

Stephens,

Stephens,

Stocking,

M.L. and McKinney, R.L. 1977:

P.R. 1983:

P.R. and Cihlar, J. 1981:

aerial photographs to detect
and monitor soil management
changes affecting cropland
erosion, J. Soil and Water
Conservation 37 : 101-105.

Prehistoric activity and
environment in the North York
Moors. J. Archaeological Sci.

3 193210 T _‘“

Soil conservation.
Prentice-Hall, Englewood
Cliffs, N.J.

Landsat image differencing as a
change detection technique,
Proceedings of the Fall Tech.
Meeting, Am. Soc. of
Photogrammetry, Falls Church,
Virginia, p. 229.

Characteristics of features
shown on aerial photographs.
Remote Sensing Workshop for
soil conservation. Water and
Soil Misc. Publication No. 52,
Wellington, New Zealand.

The potential of remote sensing
to monitor soil erosion on
cropland. Proc. 15th Int.
Symp. Remote Sensing of
Environment, Michigan VII :
984-95,

P.R., Daigle. J.L. and Cihlar, J. 1982: Use of sequential

M.A. and Elwell, H.A. 1973:

aerial photographs to detect
and monitor scil management
changes affecting cropland
erosion. J. Soil and Water
Cons. 37 (2) : TOT-105.

Soil erosion hazard in
Rhodesia, Rhodesia Agric. J. 70
: 93-101.




261

Stone, K.H. 1964:

Stoner,

Stoner,

Stoner,

E.R. and Baumgardner, M.F. 1979:

E.R., Baumgarnder, M.F., Weismil

E.R. and Baumgardner, M.F. 1981:

Stow, D.A., Tinney, L.R. and Estes, J.E.

Swain, P.H. and Davis, S.M. 1978:

Tallis,

J.H. 1964:

Tallis, J.H. 1965:

Tallis, J.H. 1973:

A Guide to the interpretation
and analysis of aerial photos.
Annals of the Assoc. Am. Geog.
Vol. 54 : pp. 318-328.

Physiochemical, site, and
bidirectional reflectance
factor characteristics of
uniformly moist soils. LARS
Tech. Report 111679.
Laboratory for Apptications of -
Remote Sensing. Purdue Univ.
West Lafayette, Indiana 47906.

ler, R.A., Biehl, L.L.,
Robinson, B.F. 1979: Extension
of Laboratory measured soil
spectra to field conditions.
Symposium on Machine Processing
of Remote Sensing data : pp.

253-262.

Characteristic variations in
reflectance of surface soil.
Soil Sci. Soc. Am. J. 45 :
1161-1T65.

1980: Deriving land use/land
cover change statistics from
Landsat: a study of prime
agricultural land. Proc. 14th
Int. Symp. on Remote Sensing of

Environment, ERIM, Ann Arbor,

Michigan, pp. 1227-1237.

Remote Sensing : the
quantitative approach, N.Y. :
McGrow-Hill.

Studies on southern Pennine
Peats. I-III, J. Ecology, 52 :
323-53.

Studies on southern Pennine
Peats. IV, Evidence of recent

erosion. J. Ecol, 53 : 509-20.

Studies on southern Pennine
peats. Direct observations on
peat erosion and peat hydrology
at Featherbed Moss, Derbyshire.
J. Ecology 61 : 1-22.




262

Tallis, J.H. 1981: Rates of Erosion. In:
Phillips, J., Yaldeen, D. and
Tallis, J. (eds) Moorland
erosion study, Phase 1 Report
{(Peak District National Park
PTanning Authority) : pp.
74-88.

Taylor, J.A. 1983: 'The peat lands of Great
Britain and Ireland', In:

Bog, Fen and Moor, B. Regional
Studies, (Elsevier, Amsterdam)
: pp. 1-46.

Teillet, P.M., Guindon, B. and Goodenough, D.G. 1981: Forest
classification using Simulated
Landsat-D Thematic Mapper data.
Canadian J. of Remote Sensing 7
(1) : 51-60.

Thomas, A.W., Welch, R. and Jordan, T.R. 1986: Quantifying
concentrated-flow erosion on
crop-land with aerial
photogrammetry. J. Soil and

Water Cons. 41 (4) : 249-252.

Thomson, F.J., Erickson, J.D., Koerber, K. and Harnage, M.J. 1975: A
Thematic Mapper Performance
Optimization Study. Proc. 10th
Int. Symp. on Rem. Sen. Envi.
(Ann Arbor, Michigan : EIRM),
p. 85.

Thompson, D.R., Hass, R.A. and Milford, M.H. 1981: Evaluation of
Landsat Multispectral scanner
data for mapping vegetated soil
landscapes. Soil Sci. Soc. Am.
J. 45 : 91-95,

Thompson, D.R., Henderson, K.E., Houston, A.G. and Pitts, D.E. 1984:
Variation in alluvial-derieved
soils as measured by Landsat
Thematic Mapper. Soil Sci.
Soc. Am. J. 48 : 137-T42

Todd, W.J. 1977: Urban and regional landuse
change detected by using
Landsat data. J. Res. U.S.
Geol. Survey 5 : 524-534,

. . .. — - - -— — AP Gore (ed) Mires : Swamp, =~



263

Toll, D.L. 1984: An evaluation of simulated
Thematic Mapper data and
Landsat MSS data for
discriminating suburban and
regional land use and land

cover. Photogramm. Engng. &
Remote Sensing 50 : 1713,

Toll, D.L. 1985 Effect of Landsat Thematic
Mapper sensor parameters on

- .- - - —Land cover classification:
Remote Sensing of Environ. 17 :
129-140.

Toll, D.L. and Kennard, R.E. 1984: Investigation of SPOT spectral
and spatial characteristics for
discriminating land use and
land cover in Prince George's
county, Maryland. In: SPOT
Simulation Application
Handbook, Proc. SPOT Symp.
RSPR, Virginia, U.S. : pp.
165-170.

Tomlinson, R.W. 1984: Mapping peat land vegetation
from readily available air
photographs : a field test from
Northern Ireland. Irish
Geography Vol. 17 : 65-83.

Totterdell, C.J. and Nebauer, N.R. 1973: Colour aerial photography in

- the reappraisal of alpine soil
erosion. Journal Soil
Conservation Service of New
South Wales, 29 (3) : pp.
130-158.

Townshend, J.R.G. 1984: Agricultural land-cover
discrimination using T™M
spectral bands. Int. J. Remote
Sensing V. 5 (4) : 68T-698.

Townshend, J. and Justice, C. 1981: Information extraction from
remotely sensed data. Int. J.
Rem. Sen, 2 : 313.

Townshend, J.R.G., Gayler, J.R., Hardy, J.R., Jackson, M.J. and Baker,
J.R. 1983: Preliminary analysis
of Landsat-4 Thematic Mapper
products. Int. J. Remote

Sensing 4 : 817-828.




264

Tucker, C.J. and Maxwell, E.L. 1976: Sensor design for monitoring
vegetation canopies. Photogr.
Eng. & Remote Sensing 42 :
1399-1410.

Tueller, P.T. and Booth, D.T. 1975: Large scale colour photography
for erosion evaluations on
rangeland watersheds in the
great Basin; Proc. of Am. Soc.
of Photogram., Phoenix,

R - _ - - - — . —  Arizona-: p.- 708-753..

Van Doren, C.A. and Bartelli, L.J. 1956: A method of forecasting soil
loss, Agric. Engng. 37 :
335-34T1.

Verger, F., Cuq, F., Sall, M., Diaw, T. and Loubersac, L. 1981: Study
of a tropical coast - the mouth
of the Saloum river. In:
Coastal Studies, SPOT Imagery
Simulation, SPOT Image, Sheet
0C-2.

Vink, A.P.A. 1968: Aerial photographs and the soil
sciences, in : Aerial surveys
and integrated studies, UNESCO
: 123-31.

Walsh, R.P.D. 1985: Climate, 1ithology and time on
drainage density and relief
development in the tropical
volcanic terrain of the
Windwash Islands, in : I.
Douglas and T. Spencer (eds)
Environmental Change and
Tropical Geomorphology (George
R1Ten and Unwin, London) : pp.
93-122.

Walling, D.E. 1974: Suspended sediment and solute
yields from a small catchment
prior to urbanisation, in
Gregory, K.J. and Walling, D.E.
(eds) Fluvial Processes in
Instrumented Watersheds, (Inst.
Brit. Geogr. Spec. Publ. No. 6)
: pp. 169-192.

Walsh, S.J. 1980: Coniferous tree species mapping
using Landsat data. Remote
Sensing Environ. 9 :




265

Way, D. 1973: Terrain analysis : a guide to
site selection using aerial
photographic interpretation.
Stroundsburg, Pa. : Dowden,
Hutchinson & Ross.

Waugh, T.C. and McCalden, J. 1983: GIMMS reference manual (edition
4.5), GIMMS Ltd., Edinburgh.

Weaver, R.E. 1984: = _ . _ _ . _ - -Integration of remote sensing =~ =~ =

data for moorland. In:
Satellite Remote Sensing -
Review and Preview, Proceedings
of the 10th Anniversary Intr.
Conf. on R.S.S., U.K : pp.
191-200.

Weismiller, R.A., Persinger, I.D. and Montgomery, O.L. 1977: Soil
inventory from digital analysis
of satellite scanner and
topographic data. Soil Sci.
Soc. Am. J. 41 : 1166-1170.

Weismiller, R.A., Kristof, S.d., Scholz, D.K., Anuta, P.E. and Momin
S.A. 1977: Change detection in
coastal environments.
Photogramm. Eng. and Remote

Sensing 43 : 1533-1539.

Weismiller, R.A. and Kaminsky, S.A. 1978: Application of remote
sensing technology to soil
survey research. J. Soil Water
Conservation 33 : 287-289.

Welch, R., Jordan, T.R. and Thomas, A.W. 1984: A Photogrammetric
technique for measuring soil
erosion. J. of Soil and Water
conservation, vol. 39 (3) : pp.
197-200.

Whitlock, C.H., Kuo, C.Y. and LeCroy, S.R. 1982: Criteria for the use
of regression analysis for
remote sensing of sediment and
pollutants. Remote Sensing of
Environ. 12 : 151-168.

Williams, A.R. and Morgan, R.P.C. 1976: Geomorphological mapping
applied to soil erosion
evaluation. J. of Soil and
Water Conservation 31 :
164-168.




266

Williams, T.H. and Goodman, J.M. 1980: Terrain analysis from Landsat
using a colour TV enhancement
system. Remote Sensing
Environ. 10 : 213-237.

Williams, D.L., Irons, J.R., Markham, B.L., Nelson, R.F., Toll, D.L.,
Latty, R.S. and Stauffer, M.L.
1984: A statistical evaluation
of the advantages of Landsat
Thematic Mapper data in

) ... comparison-to Multispectral "~

Tt T Scanner data. I.E.E.E. Trans.
Geosci. Remote Sensing 22 :
294.

Williams, D.L. and Nelson, R.F. 1986: Use of remotely sensed data for
assessing forest stand
conditions in the Eastern
United States. I.E.E.E. Trans.
Geosci. and Remote Sensing Vol.
GE-24 (1) : 130-138.

Wilson, J.R. Jr., Blackman, C. and Spann, G.N. 1976: Land use change
detection using Landsat data,
Proceedings of the Fifth Annual
Remote Sensing of Earth
Resources Conference,
TulTahoma, Tennessee : pp.
79-97.

~ Wilson, S.J. and Cooke, R.U. 1980: Wind erosion. In: M.J. Kirkby
and R.P.C. Morgan (eds) Soil
Erosion, John Wiley, U.K. : pp.
218.

Wischmeier, W.H., Johnson, C.B. and Cross, B.V. 1971: A soil
erodibility nomograph for
farmland and construction
sites. J. Soil and Water
Conservation 26 (5) : 189-193.

Wischmeier, W.H, and Smith, D.D. 1958: Rainfall energy and its
relationship to soil loss.
Trans. Am. Geophys. Union 39 :
285-291.

Wischmeier, W.H., Smith, D.D. and Uhland, R.E. 1958: Evaluation of
factors in the soil Toss
equation. Agri. Engng. 39 :
458-462.




267

Wischmeier, W.H. and Smith, D.D. 1965:

Wischmeier, W.H. and Smith, D.D. 1978:

Predicting Rainfall - erosion
Losses from Cropland East of
the Rocky Mountains, Agri.
Handbook No. 282, U.S. Dept. of
Agri., Washington D.C.

Predicting rainfall erosion
Losses, USDA Agri. Research
Service, Handbook, No. 537,
Washington D.C.

Wispelaere, G.D.E., Torres, C. and Noel, J. 1981: Applications for

Wood, J.E.T. 1978:

Wright, G.G. and Birnie, R.V. 1986:

Young, A. 1973:

SPOT data in semi-arid and
under going desertification
zones - Sahel region. In:
Desertification, SPOT Imagery
simulation, SPOT Image.

Erosion risk evaluation of the
Black Hill area, Peak District
National Park, Unpub. M.Sc.
Thesis, Cranfield Inst.,
TechnoTlogy.

Detection of surface soil
variation using high-resolution
satellite data : results from
the U.K. SPOT - simulation
investigation. Int. J. Remote
Sensing 7 (6) : 757-766.

Soil survey procedures in land
development planning. Geog. dJ.
139 (1? : 53-64.

Zachary, A.L., Cipra, J.E., Diderickson, R.I., Kristof, S.J. and

Zingg, A.W. 1940:

Baumgardner, M.F. 1972:
Application of multispectral
remote sensing to soil survey
research in Indiana. LARS
Information Note 110972, Purdue
University, Indiana, U.S.

Degree and length of landscape
as it affects soil loss in
runoff. Agr. Eng. 21 : 59-64.




268

ADDITIONAL REFERENCES

Armstrong, C.L., J.K. Mitchell and P.N. Walker 1980: Soil loss
estimation research in Africa
- a review. In: M.D. Boodt
and D. Gabriels (eds)
Assessment of Erosion, Wiley,
N.Y., p. 286.

Bonn, F. 1976: — - — =~ —~ : - - ~Some problems and-solutions. - - -
related to ground truth
measurements for thermal
infra-red remote sensing.

?roc. Am. Soc. Photogramm, 42 :
-1T1.

Condit, C.D. and Chavez, P.S. 1979: Basic concepts of computerised
digital image processing for
geologists. Geological Survey
Bull. 1462, Washington D.C.

Curran, P.J. 1983: Multispectral remote sensing
for the estimation of green
leaf area index. Philosophical
Trans. of the Royal Soc. Sci.
A, 309 : 257-70.

Davis, J.C. 1973: Statistics and data analysis in
_ Geology. dJohn Wiley, N.Y., pp.
602-615,

Goetz, A.F.H., J.B. Wellman and W.L. Barnes 1985: Optical remote
sensing of the earth. IEEE
Vol. 73 (6) : 950-969.

Justice, C.D, and Townshend, J.R.G. 1981: Intergrating ground data
with remote sensing. In:
J.R.G. Townshend {ed): Terrain
Analysis and Remote Sensing.
George Allen and Unwin, London,
p. 39.

Klecka, W.R. 1980: . Discriminant Analysis, Sage
University Papers, Sage
Publication, Beverley Hills,
series no. 07-019.



269

Myers, V.I. and Allen, W.A. 1968: Electro-optical remote sensing
methods as nondestructive
testing and measuring
techniques in agriculture.
Appl. Opt. Vol. 7 : 1818-1838.

Obukhov, A.I. and Orlov, D.S. 1964: Spectral reflectivity of the
major soil groups and
possibility of using diffuse
reflection in soil

—_ - - — - -—— — -investigations. _  _ _ _
Pochvovedeniye. Vol. 174, pp.
[11-1T6.

Orlov, D.C. 1966: Quantitative patterns of light

reflection on soils : 1.
influence of particle
(aggregate) size on
reflectivity. Doklady Soil
Sci., Vol. 13, Suppl.

Sabins, F.F. 1978: Remote Sensing : Principles and
Interpretation. W.H. Freeman
and Co., San Francisco.

Schwab, G.0., Frevert, R.K., Edminster, T.W. and Barnes, K.K. 1966:
Soil and Water Conservation
Engineering. New York : Wiley
(quoted by Baker et al 1979).

Shockley, W.G., Knight, S.J. and Lipscomb, E.B. 1962: Identifying soil

parameters with an infrared
spectrometer. Proc. 2nd Int.
Symp. Remote Sensing Env,, Ann
Arbor, Michigan, pp. 267-288.

Townshend, J.R.G. 1981: The spatial resolving power of
earth resources satellites.
Progress in Phy. Geography,
Vol. 5 (1) : 32-55.

Townshend, J.R.G. 1981: Image analysis and
interpretation for land
resources survey. In:
Townshend, J.R.G. (ed) Terrain
Analysis and Remote Sensing.
Allen and Unwin, London,
Boston, pp. 59-108.







c

c

c

C

c

271

BASE ALWAYS DRAWN

LR=IR*100+IC+K

LL=(IR+1)*100+IC+K

IF(IR.EQ.N) LL=1001

IF(IC.EQ.N) LL=1001

IX=IC

IY=(N-IR)+

IXX=IC-1

IYY=1Y
WRITE(12,100)LL,LR,IX,IV,IXX,IVY,SL

_ _LEFT_HAND SIDE-ALWAYS-DRAWN - - - - — -~ =~

LR=IR*100+IC+K

IF(IC.EQ.2) LL=1001

IX=1C-1

IY=(N-IR)+1

IXX=IC-1

IYY=((N+1)-IR)+1
WRITE(12,100)LL,LR,IX,IY,IXX,IYY,SL

END

CONTINUE
CONTINUE
STOP

END



272

Appendix 2 GIMMS Comand file used for map production
SR *GIMMS 9=-MAP 6=-6 15=SL.DATA4 4=ZONES
LANDSAT MAPPING - D.DONOGHUE FEB/MARCH 85>

CHANNEL 4 = OUTPUT FROM polyl>
CHANNELL 15 = QUTPUT FROM RS.MAST>

*FILEIN DATAFILE
FILEIN=15
FILENAME=DATAFILE .
— ZONES=460 - - T - T T I
VARS=1 '
BEGIN
*PLOTPARM PLOTTER
*TEXTPARM ALPHABET=61, SHADE
*PLOTPROG
*NEWMAP 25,18.5 FRAME NOLOGO
*TEXT POSITION=4,17.5 SIZE=0.5 TEXT='PEAT EROSION GLAISDALE N.Y.MOORS'
*TEXT POSITION=19.5,9.0 SIZE=0.2
TEXT='SOIL LOSS TONS/ACRE/YEAR' ALPHABET=14
*TEXT POSITION=19.5,2.5 SIZE=0.2
TEXT="EACH SQUARE REPRESENTS

60 SQ METRE' ALPHABET=14
*TEXT POSITION=23.5,0.3 SIZE=.1YEXT='ALAM 10/86' ALPHABET=14
*SYMBOLISM AREA

.12,135,0,2/

.08,45,0,2/

.04,45,0,2/
.08,45,0,440.08,135,0,4/
.05,0,0,480.05,90,0,4/

.02,0,0,380.02,90,0,4/*
*GIMMSFILE 4 F=0.77 PLOT=0.5,0.5
*LEVELS=6
*INTERVALS VAR=1 USER=0.000,0.05,
*LEGEND POSITION=19.7,6.0 SIZE=
*MAP VAR=1 AREA
*END
*STOP

5,1.0,5.0,10.0,50.0,100.0 MIN=.000 MAX=100.0
0.4 ALPHABET=14 DAFPT=3
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Appendix 4& Ground date analysed for the Glaisdale Moor, 1985

Cover Type Soil Organic Slope Biomass
molsture % matter % in Degree gm/m2
1.Vegetation 1.36 5.41 R7.75 1525.86
2. 10.64 24.15 42 .2% 1975.60
3. 1.39 22.73 27.75 1242.10
4, 10.00 84 .09 27.75 1320.20
5. 11.13 87.9% 27.75 881.89
8 12.860 35.13 42 .27 209.69
v 14.03 46.91 26.56 1164 .50
8. 3.22 91.61 26.56 614.68
9. 10.00 85.00 . 26.56 492 .46
10. 9.58 75.08 26.56 1416.48
11. 2.24 o 11.62 27.7% . . 1602.36. - — - —
- - -= - - -12. - T T T - .70 4.93 17.87 17567.98
13. 10.90 6.09 18.43 1298.38
14. 2.42 16.35 20.32 1599.70
15. 1.72 13.96 14.38 2095.68
16. 8.29 47.39 20.32 21655.59
17. 8.15 23.31 22.61 2115.59
18. 4.43 44.09 26.46 2097 .40
19. 27.1%7 63.38 37.56 2245 .90
20. 10.72 18.93 21.03 1605.76
21. .14 8.32 33.69 2144 .06
22. 2.97 2.29 29.08 1403 .84
23. 1.35 3.24 10.30 1998.88
4. 2.04 28.57 13.70 2081.08
25. 4.00 5.60 27.75 1781.32
26. 6.51 68.75 19.02 1717.26
27. 12.92 30.12 12.80 2206.00
28. 7.76 21.55 19.02 1332.84
29. 16.53 42.04 30.46 1444 .30
30. 4.93 23.13 19.65 1039.66
31. 1.33 34.09 26.56 1826.78
32, 2.66 39.32 21.80 1372.78
33. .66 37.95 51.34 1100.46
a4 . 1.48 28.81 48.00 1408 .76
35. 14.08 33.76 51.34 864 .46
- 36. 4.29 5%7.36 32.00 1264 .30
& 37. 4.39 68.92 30.46 1261.15
38. 2.56 68.26 27.%5 126%7.62
39. 2.94 66.17 24.44 1469.68
40. 1.78 56.54 22.62 691.70
41. Peat 9.54 82.68 23.49
42. 9.21 77.0% 33.69
43. 10.34 78.38 19.02
44. 7.85 68.75 12.26
45, 10.23 75.06 27.75
46, 18.14 72.15 26 .56
47 . 3.32 45.70 10.80
48.. - . 8.76 62.36 . 12.52
49, 6.66 54.66 27.75
60. 29.90 63.16 16.94
61. 4,16 61.456 33.69
e _B2._ . ) 11.77 53.28 16.38 B
53. 2.53 53.69 21.80
64. .42 66.90 23.49
56. 2.27 54.54 23.49
86. Bare soils .61 3.1% 21.80
B67. 1.23 2.96 20.32
68. .99 2.86 16.88
59. 1.37 3.16 14.74
60. .81 2.56 14.38
61. 1.28 3.14 19.65
62. 4.33 2.64 17.8%
83. 1.04 2.86 17.8%
64. .38 2.60 21.80
65 8.06 2.40 14.03
66. .12 3.68 27.75
67. .61 3.68 30.46
68. 2.3%7 3.92 33.69
69. .49 4.34 48.00

70. .0b 3.63 26.56
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Appendix 4b Ground data onalysed for the Glaisdale moor, 1985

Cover Types

~ 1.Vegetation
2.
3.
4.
5.
6.
7.
8.
9

45.
46. Bare soils
47.
48.
49,
50.
51.

Surface

gand
%

75.69
66.43
87.83
88.88
70.74
70.25
62.77
77.26
73.33
55.76
83.63
83.88
82.04
81.55
81.68
71.65
67.35
70.71
64.30
70.87
73.98
73.20
75.67
71.43
72.92
B82.89
83.93
82.66
85.63
87.37
71.65
75.34
75.84
75.64
69.74
77.01
74.89
73.32
60.85
73.53
73.13
79.33
75.90
80.73
77.19
91.95
91.90
91.92
89.86
91.95
55,43
48.63
57.55
57.84
52.14
73.96
73.36
75.41
75.87
75.91

silt
b4

16.20
22.38
12.14
8.80
20.26
20.69
20.90
6.21
13.33
40.28
12.28
12.09
13.48
12.30
12.21
19.65
21.77
18.83
21.97
20.17
16.01
16.49
16.22
18.37
16.67
10.70
9.18
13.06
4.79
6.31
18.22
16.44
18.12
18.26
23.27
14.63
16.74
14.36
24.72
6.11
17.1@
12.40
15.34
12.85
14.26
4.93
6.07
6.06
8.11
4.03
10.13
14.01
10.11
12.04
13.06
12.02
12.29
18.56
8.85
10.04

16.28
16.53
13.33
15.48
4.09
4.03
4.48
6.15
6.10
8.72
10.88
10.46
13.73
8.986
10.01
10.31
8.11
10.20
18.41
6.41
6.89
4.28
9.58
6.31
10.12
8.22
6.04
6.09
6.98
8.35
8.36
12.31
14.42
20.36
9.77
8.27
8.76
6.42
8.55
4.02
2.02
2.02
2.03
4.02
34.43
37.35
32.34
30.11
34.80
14.02
14.34
6.03
16.08
14.07

Subsurface
sand
%
87.83
86.57
89.85
86.66
88.74
77.11
79.06
81.40
77.77
82.30
79.54
81.87
79.79
81.55
91.85
71.64
69.51
70.69
64.29
70.87
73.96
73.20
73.64
75.50
77.08
85.02
88.11
93.49
92.81
92.79

53.42

46.57
55.71
55.33
39.47
39.39
35.15
38.42
44.36
38.91
75.56
79.31
78.09
80.71
71.46
91.95
83.79
77.78
83.77
87.92
53.41
53.70
55.53
51.82
54.38
79.97
77.86
77.46
75.87
75.91

silt
% .

8.12
8.96
6.14
6.68
6.75
13.73
11.63
B.27
11.12
8.85
14,33
14.10
15.72
10.24
.01
15.28
15.25
14.66
19.24
15.69
8.02
10.31
6.08
4.08
4.17
6.43
5.00
2.17
2.39
3.0
18.23
32.88
20.13
26.40
37.25
29.26
29.28
28.75
26.79
26.47
12.22
10.35
13.15
10.72
14.27
.01
10.14
18.18
8.12
10.06
10.13
6.61
10.11
12.04
6.47
10.02
12.08
14.34
16.09
14.05

clay

4.95
4.47
4.01
6.66
4.50
9.15
9.31
10.33
1.1
8.84
6.13
4.03
4.48
8.20
8.14
13.08
15.24
14.65
16.47
13.44
18.02
16.49
20.27
20.42
18.75
8.55
6.89
4.33
4.79
4.21
28.35
20.54
24.16
18.27
23.27
31.35
35.56
32.84
28.84
34.62
12.21
10.34
8.76
8.57
14.26
8.04
6.07
4.04
8.1
2.0
36.45
36.69
34.35
36.14
39.15
10.01
10.06
8.19
8.04
19.03
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Appendix 4c Raw ground radiometor data for the Glaisdaotle Moor, 1985

Channg| Channg! channal Channecl
Cover type ] 2 3 4
1.Vegetation 3.22 5.27 13.29 506.58
2. 6.30 12.94 27.47 51.03
3. 5.31 11.085 54.44 35.29
4. 13.83 11.97 55.66 58.29
5. 4.22 10.87 17.58 43.75
6. 22.92_ _ 28.12  __.75.12 -11i.82 - - - -- -
7. T 7 7 31.44, 46.48 67.86 B88.65
8. 18.46 65.45 606.09 - 89.47
9. 19.35 28.77 85.44 99.19
10. 22.81 55.95 82.70 93.47
11. 6.36 8.86 28.39 70.43
12. 14.43 15.50 25.77 22.41
13. 5.67 14.96 18.02 53.75
14. 5.47 5.48 32.13 56.58
15. 13.71 23.66 19.96 43.77
16. 21.47 46.90 49.32 64.21
17. 36.91 23.69 30.31 69.83
18. 31.66 28.19 24.58 60.46
i9. 32.33 32.00 24,24 74.63
20. 29.12 69.18 43.18 72.95
291. 27.20 27.36 67.10 63.71
22. 45,55 41.21 56.22 126.00
23. 22.96 40.07 68.80 94.68
24, 60.89 37.49 85.00 102.28
25. 53.43 54.68 106,70 101.80
26. 69.24 60.44 64.95 57.25
27. 43.81 59.00 47.19 52.53
28. §9.36 47.26 70.33 65.79
29. 51.01 71.40 46.77 76.80
30. 82.54 67.986 67.75 70.52
31. 2.97 3.65 15.03 29.63
32. 2.97 5.22 17.77 56.61
33. 5.76 2.77 16.45 60.84
34. 6.95 2.86 24.77 58.81
35. 3.11 3.20 18.55 52.89
36. 23.18 48.99 24.73 20.10
37. 11.27 29.74 38.19 49.07
38, 26.52 "46.82 44,65 32,08
39. 3.42 45.02 9.68 55.85
40, 11.82 48 .88 21.94 45.76
41. Peat 3.81 6.05 20.42 26.01
42, 20.46  23.88 23,11 42.03
43. 7.79 15.55 13.92 16.64
44, 6.18 7.67 13.15 15.82
45, 15.36 12.11 27 .02 18.25
46, 19,15 5.22 14,88 31.92
47. 21,52 30.83 17.67 43.57
48, 20.34 28.55 13.24 28.12
49, 23.91 50.83 43.85 53.31
50. 19.05 34.44 15.08 32.56
51. 36.91 28.82 25.48 65.77
52. 31.02 59.85 38.38 51.22
53. ) 37.41 31.12 25.52 65.06
54. 34.37 38.73 44 .53 50.52
65. 18.42 35.98 34.48 45.64
56. Bare soils 16.31 12.75 26.59 45,86
57. 16.39 18.56 19.02 48.25
58. 17.490 12.59 29.95 48.51
59. 24.04 21.96 42.72 59.83
60. ~ 26.60 16.05 35.86 59.13
61. : 60.30 98.65 61.28 85.14
62. 49.63 53.21 52.30 64.62
63. 55.76 50.57 59.25 85.32
64. 55.42 59.05 78.53 80.22
65. 62.72 72.49 54,52 60.21
66. 66.88 72.07 159.00 212.83
67. 36.37 62.21 176.18 178.74
68. 50.76 64.37 155.88 145.37
69. 41 .54 65.57 117.13 128.34

70. 62.29 76.62 150.83 123.66
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Appendix 5 SPOT : Principal characteristics.

Orbit

Haute resolution
visible (HRV)

Images
transmission

Weight
Size

circular at 832 km

inclination : 88.7 degrees
descending node at 10h 30mna.m.
orbital cycle: 26 days

two identical instruments
pointing capability: + 27° east or west of the Orbital
plane
ground swath: 60 km each at vertical incidence
pixel size:
10 m in panchromatic mode
20 m in multispectral mode
spectral channels:
panchromatic: 0.51 — 0.73 um
multispectral: 0.50 —0.59 um
0.61 —0.68 ym
0.79 —0.89 ym

two on board recorders with 23 min capacity each
direct broadcast at 8 GHz (50 Mbits/s)

1750 kg
2 x 2 % 3.5 m plus solar panel (3 m)

(Source: Brachet 1986)
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Appendix 6 The relationship between organic matter and hemisphericol

reflectance in visible wavelengths(Modified from Page 1974)

00 v 20 3 40 80
Ovgenic matter content (%) —»
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Estimation of erosion index (EI) from daily
rainfall amount

Erosion Index ( EI) has been calculated for two years of daily

For 15 mm rainfall, derived EI value

For 25 mm

For 35 mm

For 50 mm

rainfall amounts of Glaisdale Moor using the
Richardson et al (1983) formula

EI = a pb+e

where P is the rainfall amount, a and b are equation
parameters, e is the random component of the relationship.

= 56 x 41 (No. of events) = 2296

" =125 x 11 = 1375
" =225 x 5 = 1125
" = 400 x 4 = 1600
for 24 months = 6396

for 12 months = 3198

To convert EI = 3198 MJ.mm'!ha h'] in to R (Erosivity index) in USLE

divide by 17.02

pe]
1

3194 = 17.02

187.89
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