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Chapter 1

Introduction
1.1

Problem statement

Hydrocarbon reservoirs leak. Due to pressure differences in the Earths’
subsurface, hydrocarbons seep to shallower levels and may eventually rise
to the surface. At the surface, the escaped hydrocarbons oxidise and form
(onshore) zones with a reducing environment that favour the formation of
mineralogical and botanical anomalies [70]. Apart from being a natural
source of pollution on local and global scales, natural seepages are of interest for hydrocarbon exploration. In the past decades, optical remote sensing
has been applied for hydrocarbon exploration [1; 84] and evaluated for the
onshore detection of natural hydrocarbon seepages [80; 71]. Recently, two
PhD theses have been written on the use of imaging spectroscopy for the
detection of botanical and mineralogical alterations resulting from natural
hydrocarbon seepages: the research of Scholte [69] comprises the detection
of mineralogical alterations related to mudvolcanism in Azerbaijan; Yang
[88] dealt with the detection of mineralogical and botanical alterations that
result from seeping trace quantities of gas. Both theses highlight the difficulties of detecting seepages with remotely sensed imagery. Seepage-induced
alteration is often subtle, not unique for seepages and mainly dependent on
the local natural conditions [70]. The spectral signatures of seepages are
consequently diverse and extensive field knowledge is required to make a
successful detection by remote sensing.
1
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Seepages are, however, unique when their spectral characteristics and spatial patterns are combined. On a scale of several meters, seepages form
circular anomalous halos around a point source (central vent) [36]. On a
scale of a few hundred to thousand of meters, these vents tend to line up
along geological structures in the subsurface such as faults and folds [33].
It is the combination of central vents with their circular halos lined up
along straight or curved lines that define the presence of a seepage in an
image. The seepage-induced anomalous halos consist of several geologically
coherent pixels that, in terms of applied remote sensing, form “complex
∗
objects” [11]. Both meanings of the word “complex” are implied here.
This research initially started off as a geological remote sensing application
for the remote detection of natural hydrocarbon seepages, thereby directly
succeeding the work of Yang [88]. The work of Yang [88] and preliminary
results of this research indicate that the highly variable nature of seepages
and seepage-related alterations [70] preclude the sole usage of existing image processing methods. The emphasis of this thesis consequently shifts
from a pure geological application to the development of image processing algorithms that theoretically allow for the detection of seepage-induced
halos.
The core of this thesis outlines the development of knowledge-based image
processing algorithms that operate on both the spectral and the spatial
domain of a remotely sensed image. These algorithms aim to detect complex
objects that could otherwise not be distinguished from their background by
the use of common image processing techniques. As these algorithms have
been designed with the express purpose of detecting natural seepages, the
emphasis in this thesis is on the detection of seepage-induced alteration
halos. The underlying concept of these algorithms is, however, applicable
to a wide range of remote sensing applications. To emphasize the general
applicability, and to initially avoid the complexity of seepage detection, two
of the four presented algorithms evaluate case studies that are not directly
seepage related.

∗

[87]

2

Complex: made of many things or parts that are connected; difficult to understand
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1.2

Knowledge-based remote sensing

Spatial information in remotely sensed images is primarily used for enhancement of image classification e.g. to extract land-use [54; 76]. Frequently
applied techniques that combine the spectral and spatial domains are segmentation [53; 31], clustering [28; 82] and spatial statistics [4; 79]. Apart
from not being designed for the detection of a particular complex object,
these methods are mostly restricted to data in numerical form [61]. The
spectral and spatial relations in complex objects can, however, often only
be recognized through expert interpretation. It is clear that an approach
that uses qualitative reasoning is needed to allow the remote detection of
such an object [61]. The human reasoning that has led to object recognition has to be simplified to include only a few characteristics that make an
object in an image recognizable by a knowledge-driven detection algorithm.
The way that object characteristics have to be combined is solely dependent on the object that is being studied. Detection algorithms that are
developed along this concept are thus case-specific. An algorithm must
∗
also be scene-generic in order to extract new information from an image.
As long as object characteristics remain unaltered, the algorithm should be
applicable to any area, using any dataset that has sufficient spectral and
spatial resolution. As seepage characteristics are strongly dependent on the
natural setting of an area, a detection algorithm can only be scene-generic
when the characteristics required to detect an object are solely based on
general seepage knowledge (e.g. some common spectral characteristics or a
specific shape) obtained from sources such as literature or field observations.
Statistical models that directly link image pixels to field or laboratory measurements that are only valid for a specific area, are therefore not used in
the algorithm design.

1.3

Research objectives

The principal question in this thesis is: How can the use of expert knowledge
of a complex object be used to develop a detection algorithm? The following
∗

Scene-generic: applicable to any remotely sensed image that has the spectral and
spatial resolution required for a specific application, without the need to adjust the
detection algorithm used

3
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objectives are defined:
• to characterize the anomalies found in the seepages that are observed
in this research and to evaluate the applicability of these alterations
for detection by remote sensing.
• to develop algorithms that can recognize an object with a subtle and
non-unique spectral fingerprint against a heterogeneous background
by using its known spatial pattern.
• to evaluate the usefulness of knowledge-based image processing for
the detection of natural onshore hydrocarbon seepages.
A condition set for the algorithm development is that statistical models,
which link spectral measurements to physical properties, are preferably not
used, thereby ensuring that detections are unbiased and repeatable.

1.4

Structure of the thesis

This thesis consists in total of eight chapters. Five of the six core chapters
have been or are to be published as peer-reviewed papers (chapters 3, 4, 5
and 7) or as a book chapter (chapter 6).
Chapter 2 introduces the natural hydrocarbon seepage phenomenon and
concisely reviews the current state of remote sensing of these phenomena.
In order to understand the main problems in remote sensing of seepages,
several pixel-based classifications are carried out on seepages that have been
observed in the course of this research. The classification results indicate
the need to use the spatial pattern of seepages in remote sensing.
Chapter 3 analyses the seepage-induced alterations of chapter 2 in detail
and draws conclusions on the spectral signal that can be used in knowledgebased detection algorithms for seepage detection.
Chapter 4 introduces an algorithm that objectively measures the shape of
image objects acquired in a region-growing segmentation. This algorithm is
used to differentiate between morphologically different but spectrally identical water bodies.
4
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Chapter 5 introduces a rotation-variant template matching algorithm to
detect complex objects that consist of only a few pixels. The algorithm
statistically matches a user-designed template image to a remotely sensed
image by moving and rotating the template over the image. The rotation
variance is, together with the mean fit of the template, used to extract
spectral information of the image. The algorithm is used for detection of
specific mineralogical boundaries in a hydrothermal alteration system.
Chapter 6 introduces an algorithm that aims to detect an object with a
subtle spectral signal and a known spatial pattern. The algorithm is applied to several simulated images constructed from library spectra and field
spectral measurements. The strength of the anomalous spectral signal and
the background noise is varied by several degrees to show the influence on
detection capabilities of the algorithm.
Chapter 7 introduces an algorithm based on Hough transforms which is capable of detecting an object with a complex but incomplete spatial pattern.
The algorithm is designed to detect circles whose centres are located on a
line. This layout is an analogue for the spatial pattern of seepages observed
in this research: anomalous halos that are lined up along faults.
Chapter 8 provides a summary of the obtained results and discusses the
presented contextual algorithms and their implications for the detection of
seepage-related anomalies.

5
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Chapter 2

Remote sensing of natural
seepages
2.1

Introduction

Due to pressure differences in the Earth’s subsurface, hydrocarbons can
migrate from reservoirs to shallower levels and eventually to the surface
[85; 24; 72]. At the surface, the hydrocarbons escape and consequently become a natural source of pollution. Upwelling tar and oil, or “heavy hydrocarbons”, cause local pollution of soil and water. Upwelling gases, or “light
hydrocarbons”, consist mainly of the greenhouse gases carbon dioxide and
methane that, more than merely creating local pollution, contribute to the
effect of global warming. The flux of seeping hydrocarbons at a global scale
is, however, still unknown [9]. Apart from environmental pollution, natural
seepages are of interest for hydrocarbon exploration. Since historic times,
oil from seepages has been used for lubrication, sealing, medical purposes
and, of course, as fuel [24]. Before seismic techniques were introduced, most
hydrocarbon reservoirs were found by drilling next to seepages. At present,
geochemical analysis of seepages is used for exploration purposes, for example in terrains that cannot be accessed with heavy equipment or for a rapid
screening of large areas [71]. Furthermore, geochemical analysis of seeping
hydrocarbons can reveal information on the type of hydrocarbons that are
present at depth [59; 43], as well as information on the prospectiveness of
a reservoir [66].
7
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clay minerals
ferrous

ferric

iron ion

Delta C

radiometrics

geobotany

soil gas

geomorphic high

Figure 2.1: Anomalies that possibly can result from seeping hydrocarbons.

Link [51] was the first to separate macroseepages, which consist of seeping liquids (crude oil) and gases that are visible to the human eye, from
microseepages, which can only be detected by geochemical means. The migration of heavy hydrocarbons requires considerable space in the Earths’
subsurface. Possible migration paths are unconformities, tectonic structures that breach reservoirs and seals, reservoir rocks acting as a carrier
bed and surface expressions of intrusions such as mud volcanoes and salt
domes [51]. In microseepages, trace quantities of light hydrocarbons such as
methane, ethane, propane, butane and pentane, migrate rapidly through a
microfracture network, also called a chimney [80]. An ample review of possible migration mechanisms for hydrocarbon seepage is given by Brown [9].
In general, migration can vary from near-vertical to lateral movement over
long distances [70]. An understanding of the interaction between geochemistry, migration paths and spatial distribution at the surface can successfully be made in areas with a simple geological setting. These interactions
become more difficult to understand when the geology is more complex [70].
At the surface, bacterial oxidation of hydrocarbons can establish locally8
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anomalous redox zones that favour the development of a diverse array of
chemical changes [70] that influence the surrounding environment. The
resulting alterations may include any of the following: the formation of calcite, pyrite, uraninite, elemental sulphur and certain magnetic iron oxides
and sulphides; an edge anomaly of adsorbed or occluded hydrocarbons in
soils and ferrous carbonate (delta C); bleaching of “red beds”; clay mineral
alteration; electrochemical changes; radiation, geomorphological and botanical anomalies. A schematic diagram of possible mineralogical, botanical
and geomorphological alterations is shown in figure 2.1. An ample overview
of seepage-induced alterations and consequences for remote sensing is given
by Yang [88], Saunders et al. [66] and Schumacher and Abrams [72].

2.2

Remote sensing of onshore macroseepages

Optical remote sensing has previously been tested for its use in general
exploration of onshore hydrocarbon reservoirs [47; 48] and detection of hydrocarbons at the Earth’s surface [49; 46; 38; 22]. Theoretically, remote
sensing is a suitable tool for direct and indirect detection of the presence
of hydrocarbon seepages [80; 88; 71]. In the electromagnetic spectrum, oil
has absorption features at 1.7 µm and between 2.3 µm and 2.6 µm, as well
as some overtones from shorter wavelengths [55; 15]. A general drawback,
however, is the spectral confusion with other bituminous surfaces such as
asphalt and roof shingles and the brightness confusion with dark surfaces,
for example resulting from shade or moisture. Hörig et al. [38] and Kühn
et al. [46] concluded that the SWIR can be used to detect bituminous
surfaces and the VIS/NIR for distinction between different hydrocarbons.
Together with Li et al. [49], they showed that in HyMap airborne hyperspectral imagery the presence and the type of bitumen can only be seen as
subtle intensity differences in the 1.7 µm absorption bands. These results,
however, were obtained by measuring artificial bituminous targets against
a rather homogeneous background. When mapping hydrocarbons in an
image that covers a natural area, both the spectral detection as well as
the distinction between different bituminous surfaces becomes problematic
[49; 64].
To demonstrate this problem, two pixel-based classifications are carried out
on a Probe-1 hyperspectral image (sensor characteristics are in table A.1
9
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(a) Oil seeping out of a macroseepage vent
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(b) The location of Upper Ojai Valley in California

Figure 2.2: The natural macroseepages in Upper Ojai Valley, California, that are
analysed in this research. (a) displays a vent of crude oil surrounded by some bare
soil that results from upwelling gases. (b) shows the location of Upper Ojai Valley in
California.
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Figure 2.3: Natural macroseepages in Upper Ojai Valley, California, as seen by a colour
aerial photo. The locations of seepage vents are shown in dashed circles (subvertical
seepages) and an oval (subhorizontal flow out of a two meters high vertical offset).
The dashed line indicates the orientation of a likely subsurface structure that acts as
a migration path. The vent indicated directly below the oval is analysed in detail in
chapter 3. The area covered by the image is approximately 1200x1200 m.
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(a) soft classification

(b) hard classification

Figure 2.4: MDC classification results of Probe-1 imagery covering a 1200x1200 m
area with macroseepages in California. (a) shows the soft classification results in a
grey scale image (DN): Dark tones represent a relatively good fit with the endmember
spectrum while bright tones represent a relatively marginal fit. (b) shows a hard
classification obtained by thresholding the grey scale image at 0.1 DN. The colours
indicate whether a pixel is (•) correctly identified, (•) not recognized as seepage or (•)
a false anomaly. The green and blue pixels are known to contain mainly oil and were
selected as reference for this classification. A confusion matrix of this classification
result is in table 2.1.

Table 2.1: Confusion matrix of the MDC classification results of the Probe-1 image.

Class
Unclassified
Seeps
Total

Ground Truth
Unclassified Seeps Total
24832
36 24868
380
33
413
25212
69 25281

in appendix A). This image covers an area with some macroseepages in
Upper Ojai Valley, California. The location of these seepages and a typical
example of a macroseepage vent is shown in figure 2.2. The field with the
seeps is shown on an aerial photo in figure 2.3. According to local citizens,
an earthquake in the 1980’s has caused these seepages to appear in an
orchard that has been abandoned since. The seepages consist of central
12
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(a) soft classification

(b) hard classification

Figure 2.5: SAM classification results of Probe-1 imagery covering a 1200x1200 m area
with macroseepages in California. (a) shows the soft classification results in a grey scale
image (DN): Dark tones represent a relatively good fit with the endmember spectrum
while bright tones represent a relatively marginal fit. (b) shows a hard classification
obtained by thresholding the grey scale image at an angle of 0.1 radian. The colours
indicate whether a pixel is (•) correctly identified, (•) not recognized as seepage or (•)
a false anomaly. The green and blue pixels are known to contain mainly oil and were
selected as reference for this classification. A confusion matrix of this classification
result is in table 2.2.

vents of crude oil surrounded by a halo of bare soil, probably a result of
an oxygen shortage [34; 36; 60]. Oil and tar are relatively dark surfaces
compared to the surrounding grassland: Hence, the low albedo is, together
with the hydrocarbon absorption features, a spectral characteristic. Hence,
only two of all existing classification algorithms have to be tested: one that
uses both the albedo and the spectral absorption features and one that
ignores the albedo and only uses spectral absorption features.
The first algorithm is a minimum distance to class means (MDC) classification [61], which is widely used and uses both the albedo and spectral
absorption features. The MDC classification calculates in feature space the
euclidean distance between an image pixel and the mean of reference pixels,
making this technique sensitive to brightness as well as spectral absorption
features. The second classification is the widely used spectral angle mapper
(SAM) algorithm [45] that uses only the spectral absorption features and
13
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Table 2.2: Confusion matrix of the SAM classification results of the Probe-1 image.

Class
Unclassified
Seepage
Total

Ground Truth
Unclassified Seepage Total
24109
37 24146
1103
32
1135
25212
69 25281

ignores the albedo [5]. This algorithm calculates in feature space the angle
between the vectors formed by an image pixel and the mean of the reference
pixels.
Pixels that are known from the field to contain mainly oil are selected
as reference for the classification. The mean spectrum of these 69 pixels,
shown in green and blue in figures 2.4(b) and 2.5(b), has been used as a
classification endmember. The threshold used to obtain a hard classification
from the grey scale image is set in such way that the classification results
optimally cover the known seepage pixels. As this prior knowledge is usually
not present and a reference spectrum has to be obtained from the field or
literature instead of the image itself, these classifications are an unrealistic
“best case” scenario.
The results of the MDC classification are given in table 2.1 and figure 2.4(b).
Of the seepage pixels in figure 2.4(b), 33 are correctly identified (green)
while 36 cannot be detected (blue). Furthermore, the classification gives
380 false anomalies (red), which occur mainly at dark pixels that contain
shade from trees and shrubs, and at pixels that have a similar spectral
signal, such as roads. The results of the SAM classification are given in
table 2.2 and figure 2.5(b). Of the seepage pixels in figure 2.5(b), 32 are
correctly identified (green), while 37 cannot be detected (blue). Furthermore, the classification gives 1103 false anomalies (red). The number of
false anomalies at dark pixels decreases in comparison with the MDC classification. However, the number of false anomalies at bituminous surfaces,
especially asphalt roads, increases substantially.
Summarizing, the MDC classification detects 48% of the seepage pixels
and the SAM classification detects 46% of the seepage pixels. At the same
time, the percentage of false anomalies for both algorithms is 92% and
97%, respectively. It should be kept in mind that this classification is
14
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only a best case scenario as the classification threshold is set according to
prior knowledge. Classification results without prior knowledge are likely
to decrease substantially.
In general, the oil found in macroseepages is spectrally easily confused with
other dark or bituminous objects, which supports the results of Salem et al.
[64]. However, these drawbacks are not the major problem in remote detection of macroseepages. This current research identified the major problem to be that no distinction could be made between hydrocarbons that
are present as a result of seepage activity and the hydrocarbons that are
present as a result of human activity. Additionally, the vents where the hydrocarbons actually surface cannot be distinguished from locations where
hydrocarbons are only present due to any cause. The only distinction that
can be observed in the field is the presence of a chemically anomalous halo
around the actual vent. This halo results from light hydrocarbons (gases)
that migrate upwards along with the heavier hydrocarbons. Consequently,
the detection of the actual macroseepage vents requires the detection of
microseepage-induced anomalies.

2.3

Remote sensing of onshore microseepages

The two gases that are commonly found in microseepages and also make
up the bulk composition, CH4 (methane) and CO2 (carbon dioxide), have
absorption features in the generally used reflective (0.4 – 2.5 µm) part of
the spectrum [58]. Unfortunately, detection of these gases is problematic, as
CO2 is already present in the atmosphere and the absorption feature of CH4
is too narrow to allow detection by present day airborne and spaceborne
sensors. At the same time, the flux of escaping hydrocarbons changes in
time [42] and seepages are not the only natural source of CH4 and CO2
[70]. As a result, the subtle spectral signal of gases usually does not show
up against a non-homogeneous background [18].
Direct detection of gases that originate from seepages is problematic. However, optical remote sensing can detect indirect evidence of hydrocarbon
seepage, such as botanical and mineralogical alterations that develop due
to the presence of hydrocarbons in the soil. Long-term leakage can lead
to formation of anomalous oxidation-reduction zones [70; 36]. Aerobic and
anaerobic bacteria that oxidise the migrating hydrocarbons are, directly or
15
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(a) An anomalous halo resulting from seeping gases
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(b) The location of Parádfürdő in Hungary

Figure 2.6: The natural microseepages in Parádfürdő, Hungary, that are analysed in
this research. (a) shows, in the foreground, a part of an anomalous halo resulting from
seeping carbon dioxide and methane. The unaltered grassland with flowering weeds
can be seen in the background. (b) shows the location of Parádfürdő in the Mátra
mountains of Hungary.
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Figure 2.7: Natural microseepages in the spa Parádfürdő in the Mátra mountains
of Hungary, as seen by a colour aerial photo. The locations of seepage vents and
anomalous halos are indicated by the dashed circles. The dashed line indicates the
orientation of a likely subsurface structure that acts as a migration path. The most
southerly halo is analysed in detail in chapter 3. The area covered by the image is
approximately 270x270 m.
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(a) soft classification

(b) hard classification

Figure 2.8: MDC classification results of DAIS7915 imagery covering a field with
microseepages in Parádfürdő, Hungary. (a) shows the soft classification results in a
grey scale image (DN): Dark tones represent a relatively good fit with the endmember
spectrum while bright tones represent a relatively marginal fit. (b) shows a hard
classification obtained by thresholding the grey scale image at 80 DN. The colours
indicate whether a pixel is (•) correctly identified, (•) not recognized as seepage or (•)
a false anomaly. The green and blue pixels are known to belong to an anomalous halo
resulting from seeping CO2 and CH4 . A confusion matrix of this classification result
is in table 2.3.

indirectly, responsible for the varied and often complex surface manifestations. Bacterial oxidation of CH4 and the presence of CO2 depletes oxygen
from the soil [77]. Eventually, the soil can even become anaerobic, causing
roots of plants to die off [36; 60]. Observed mineralogical alterations in
soils include the formation of pyrite, calcite, uraninite, elemental sulphur,
specific magnetic oxides and iron sulphides [70]. The chemical processes
involved in seepages and resulting surface expressions are still not yet fully
understood. Furthermore, most alterations are not unique for the redox environment of seeping hydrocarbons, which makes them difficult to separate
from alterations caused by other natural soil processes [70].
Almeida-Filho [2] detected microseepage by mapping bleached redbeds in
an approximately 6 km2 area using band ratios of Landsat TM imagery.
These results appeared to be consistent with soil gas anomalies that had
been measured at the same location. The question remained as to whether
18

Chapter 2. Remote sensing of natural seepages

(a) soft classification

(b) hard classification

Figure 2.9: SAM classification results of DAIS7915 imagery covering a field with
microseepages in Parádfürdő, Hungary. (a) shows the soft classification results in a
grey scale image (DN): Dark tones represent a relatively good fit with the endmember
spectrum while bright tones represent a relatively marginal fit. (b) shows a hard
classification obtained by thresholding the grey scale image at an angle of 0.035 radian.
The colours indicate whether a pixel is (•) correctly identified, (•) not recognized as
seepage or (•) a false anomaly. The green and blue pixels are known to belong to
an anomalous halo resulting from seeping CO2 and CH4 . A confusion matrix of the
classification result is in table 2.4.

this detection would have been possible for smaller targets or without prior
knowledge. Most of the botanical and mineralogical alterations related to
seepages are not unique, thus classifications tend to produce many false
anomalies. To demonstrate this problem, two pixel-based classifications
are carried out on a DAIS7915 hyperspectral image (sensor details in table
A.2 in appendix A). This image covers a field with some microseepages
(figure 2.7) in the Hungarian spa Parádfürdő (figure 2.6). The CO2 seepage
is caused by a high geo-thermal gradient in this area [81] and seepages
became active after groundwater pumping activities in this mining area
had ceased two decades ago [pers. comm. Dr. Tibor Zelenka, MÁFI]. The
seepages consist of central vents of carbon dioxide and methane surrounded
by a halo of decreased vegetation height and density resulting from the
upwelling gases (figure 2.6). There is a slight colour difference between the
soil inside and outside the halo that is mainly a result of the presence of
19
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Table 2.3: MDC classification results for the DAIS7915 image.

Class
Unclassified
Seeps
Total

Ground Truth
Unclassified Seeps Total
2814
22 2836
71
9
80
2885
31 2916

Table 2.4: SAM classification results for the DAIS7915 image.

Class
Unclassified
Seeps
Total

Ground Truth
Unclassified Seeps Total
2859
24 2883
26
7
33
2885
31 2916

some organic matter and rust mottles.
The classification setup is identical to that in section 2.2. This classification
is therefore also an unrealistic “best case” scenario, as prior knowledge
is used in the classification. The green and blue pixels in figure 2.8(b)
are known to fall within a seepage halo and are consequently selected as
reference pixels for the classifications.
The results of the MDC classification are displayed in table 2.3 and figure 2.8. These results are rather disappointing: Of the seepage pixels in
figure 2.8(a), only 9 are correctly identified while 22 cannot be detected.
Furthermore, the classification gives 71 false anomalies, which are mainly
roof tiles of a building, grassland as well as shade resulting from trees. The
results of the SAM classification are displayed in table 2.4 and figure 2.9.
Of the seepage pixels in figure 2.9(a), only 7 are correctly identified while 24
cannot be detected. Furthermore, the classification gives 26 false anomalies, these no longer occur at dark pixels related to shade but primarily at
pixels indicating bare soil that is not a result of the presence of CO2 and
CH4 but rather from other natural or human causes.
Summarizing, in this “best case” scenario, the MDC classification finds
29% of the microseepage pixels while the SAM classification finds 23%. At
the same time, the percentage of false anomalies for the algorithms is 89%
20
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and 79%, respectively. These scores are like those for the macroseepage
classifications obtained in section 2.2, directly influenced by the choice of
threshold for the classification grey scale images shown in figures 2.8(a)
and 2.9(a). Consequently, these values cannot be taken as an absolute
measure of classification performance, nor can these values be compared
with the results for macroseepage. However, these numbers do indicate
that the performance is rather disappointing, as with a lower threshold the
number of correct identifications would increase but also the number of
false anomalies, and vice-versa.

2.4

Discussion and Conclusions

In general, the anomalies that result from microseepage cannot reliably be
detected by using standard image processing methods and hyperspectral
imagery alone, which is, though not one of the conclusions, supported by
the work of Yang [88]. The confusion that appears in detection of pixels with
microseepage-induced alteration is, however, not the spectral confusion that
appeared in the detection of macroseepages. The problem in the detection
of seepage-induced alteration is that the observed alterations are not unique
to seepages. An anomalous halo that is only defined by a bare soil cannot
be distinguished from another bare soil by any pixel-based classification
algorithm.
The human eye, however, is capable of recognizing the seepages in the
field from a distance of several hundred meters. With physical observation of the natural seepages in California and Hungary, and by simulating
gas leakage in laboratories in Wageningen University [36] and Nottingham
University [pers. comm. Drs. Marleen Noomen, ITC, The Netherlands], one
easily identifies seepage vents that produce halos of circa 4 m to 14 m wide
(natural) or circa 1 m to 4 m wide (simulated). These halos are defined
by the complex of different surface covers: a background (grassland in the
presented seepages) and a halo of bare soil with possibly tar or oil in the
center of the halo. In addition, observation at a scale of several hundred
meters, it is seen (dashed lines in figure 2.3 and figure 2.7) that the circular
halos tend to line up along geological structures that are present in the
shallow subsurface [33]. This complex spatial pattern can be described by
simple, but different, mathematical shapes at different scales. The combi21

2.4. Discussion and Conclusions

nation of the non-unique spectral characteristics and the observed spatial
patterns does provide a unique “fingerprint”. Consequently, the detection
of seepage-induced anomalies and distinction from other objects by optical
remote sensing needs a contextual image processing technique that incorporates the spatial information on seepages.
Chapters 4 to 7 present and discuss four new image processing methods
for mapping hydrocarbon seepages as well as other objects. Chapter 3 will
first present the physical properties of seepage-induced anomalies and their
immediate surroundings.
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Chapter 3

Spectral characteristics of
seepage anomalies∗
3.1

Introduction

Chapter 2 showed that the dominant spatial pattern that characterizes natural seepages is a central vent surrounded by an anomalous halo resulting
from upwelling gases. In theory, both the vegetational and mineralogical
alterations that result from the reducing environment [88; 70] can be combined with the observed spatial pattern to allow for detection by remote
sensing. However, the influence of the reducing environment that is caused
by the oxidizing hydrocarbons is usually smaller than the influence of natural variation in general and soil processes in particular [70]. Additionally,
the alterations that are being observed are not unique for oxidizing hydrocarbons. The question that remains is whether the botanical and mineralogical anomalies of the seepages analysed in this research (figures 2.2 and
2.6 on pages 10 and 16, respectively) can reliably be detected by optical
remote sensing or not.
To answer this question, the soil at a macroseepage in Upper Ojai Valley, California, and a microseepage in Parádfürdő, Hungary, was sampled
and analysed for seepage-induced alterations. In the laboratory, soil sam∗

This chapter is to be submitted to Geochemistry, Geophysics, Geosystems (G3 ).
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Table 3.1: Characteristics of soil samples acquired at a macroseepage vent in Upper
Ojai Valley, California.

A-horizon
Munsell colour (dry)
Munsell colour (moist)
Amount clay (%)
Moisture (%)
Loss on ignition (%)
Average pH
Average Ec (mS/cm)
CIE 1964 x (dry)
CIE 1964 y
CIE 1964 Y

Uphill
10YR3/1
10YR2/1
60 – 65
17.12
18.54
6.47
0.21
0.371
0.358
09.56

Anomaly
10YR3/2
10YR2/1
65
7.45
24.51
6.54
0.23
0.370
0.358
15.62

Downhill
10YR3/1
10YR2/1
60 ± 5
22.23
21.08
6.87
2.54
0.374
0.359
07.17

ples that were affected and samples that were not affected by seepage were
analysed for differences in Hydrogen potency (pH), electrical conductivity
(Ec), moisture content, soil texture and colour. Compositional differences
were analysed in detail by X-ray diffraction (XRD) and X-ray fluorescence
(XRF) measurements. In addition, ASD spectral measurements have been
acquired of the soil samples and transformed to CIE “xyY” colour coordinates using the CIE 1964 colour matching functions [14]. The obtained
spectral colour information was subsequently matched to laboratory observations on colour and composition. The laboratory protocols are given in
appendix B. The calculation of CIE “xyY” colour coordinates from reflectance spectra is explained in appendix C.

3.2

Analysis of soils affected by macroseepage

Eighteen soil samples were acquired at a macroseepage site in Upper Ojai
Valley. Six samples were taken 20 m uphill of the seepage vent, six were
acquired inside the 20 m wide halo and six were acquired 20 m downhill of
the vent. The soil inside the halo could only be sampled by pick-axe to a
depth of 30 cm. For comparison between all samples, the twelve samples
outside the halo were acquired in a similar way.
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Table 3.2: Semi-quantitative XRF results for the anomalous, upstream and downstream
soil samples acquired in Upper Ojai Valley, California. The concentrations for W, Ni,
KO and I are likely to be overestimated due to the measurement setup (see appendix B).

Uphill
Anomaly
Downhill

Na2 O
1.65
1.69
2.06

MgO
1.03
1.05
1.00

Al2 O3
13.84
13.39
13.64

SiO2
73.43
73.07
73.36

P2 O5
0.35
0.45
0.39

K2 O
2.27
2.25
1.91

CaO
2.23
2.56
2.49

Uphill
Anomaly
Downhill

TiO2
0.63
0.61
0.62

V2 O5
0.052
0.064
0.054

Cr2 O3
0.024
0.027
0.024

MnO
0.084
0.081
0.087

Fe2 O3
4.19
4.19
4.08

NiO
0.013

ZnO
0.009
0.010

Rb2 O
0.012
0.013
0.010

SrO
0.050
0.047
0.049

ZrO2
0.039
0.040
0.041

I

WO3
0.103
0.410
0.170

PtO2

Uphill
Anomaly
Downhill

Au
0.014
0.014
0.011

0.009

0.022

The observations on colour and texture as well as the measurements on
moisture content, pH and Ec are presented in table 3.1. A minor difference in colour exists between the dried anomalous and normal soil samples
(Munsell colour 10YR3/2 versus 10YR3/1, respectively). Although seepages can theoretically bring up moisture from below [70], the anomalous
samples contain even less moisture than the normal samples (7.45% versus
approximately 20%).
The spectral measurements in figure 3.1 reflect these laboratory observations. Though the spectra do not show differences in absorption features,
the graphs for standard deviation in figure 3.1 indicate a significant difference in albedo between the anomalous and the non-affected soil samples.
This difference in albedo is stated by the CIE colour coordinates in table 3.1,
which also show a higher albedo for the anomalous sample. The CIE x and
y colour coordinates confirm the lack of colour difference obtained with a
Munsell colour chart.
The XRD analyses indicate that there are no major compositional differences between the anomalous samples and the samples acquired outside
the halo. All samples contain mainly quartz with some alkali feldspar and
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(a) Mean spectra and standard deviation of wet soil samples
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(b) Mean spectra and standard deviation of dried soil samples

Figure 3.1: Laboratory spectra acquired on soil samples of a macroseepage site. The
graphs show the mean (solid lines) spectrum and standard deviations (dashed lines) of
(•) anomalous soil samples acquired inside the halo and (•) non-affected soil samples
outside the halo.
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plagioclase, most probably albite. There are minor indications for the presence of a mineral of the smectite group in all samples. With the exception
of the anomalous sample, all samples had small fractions that could not be
identified.
The results of the XRF analyses are shown in table 3.2. These results
confirm that there are hardly any compositional differences between the
anomalous and the non-affected soil samples. Noteworthy is the higher
iodine (I) content in the anomalous soil, which is in line with the observation
of Schumacher [70] who stated that iodine was often found to attach to
oxidizing hydrocarbons.

3.3

Analysis of soils affected by microseepage

Two series of soil samples were acquired by auger at a microseepage site in
Parádfürdő. Sixteen samples were acquired from the A-horizon (0 – 10 cm
depth) and sixteen from the B-horizon (30 – 40 cm depth). Of each series,
eight samples were acquired inside the halo and eight were acquired outside
the halo.
The observations on colour and texture as well as the measurements on
moisture content, pH and Ec are shown in table 3.3 for the A-horizon
and in table 3.4 for the B-horizon. These tables indicate that there is no
clear difference in colour between the anomalous and normal soil samples.
The anomalous samples in the A-horizon, however, contain organic matter
(Munsell colour 10YR2/2) and rust mottles (Munsell colour 7.5YR5/8),
which can also be seen on the photographs in figure 3.3. It appears from
the samples acquired in the halo that they have a lower pH than those
acquired outside the halo.
The spectra acquired on the soil samples reflect these observations to a
large degree (figure 3.2). The spectra do not show a significant difference
in absorption features: the mean of the non-affected spectral measurements
falls completely within the bounds of the anomalous standard deviation,
and vice-versa. The anomalous samples have a slightly higher albedo than
the non-affected samples, which is in line with the results found for the
macroseepages in figure 3.1 and table 3.1. More important is the slight
difference that can be found in the VIS wavelengths, where the anomalous
27
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Table 3.3: Characteristics of the A-horizon anomalous and non-affected soil samples
acquired at a microseepage vent in Parádfürdő.

A-horizon
Munsell colour (dry)
Munsell colour (moist)
Amount clay (%)
Moisture (%)
Loss on ignition (%)
Average pH
Average Ec (mS/cm)
CIE 1964 x (dry)
CIE 1964 y
CIE 1964 Y
CIE 1964 x (moist)
CIE 1964 y
CIE 1964 Y

Normal
10YR5/3
10YR3/2
30 – 40
29.10
10.49
6.48
1.33
0.388
0.369
13.90
0.389
0.367
06.66

Anomaly
10YR5/3, 10YR4/2
10YR3/2, 10YR3/3
30 – 40
23.80
14.23
5.89
1.71
0.394
0.371
13.30
0.398
0.370
06.51

Table 3.4: Characteristics of the B-horizon anomalous and non-affected soil samples
acquired at a microseepage vent in Parádfürdő.

B-horizon
Munsell colour (dry)
Munsell colour (moist)
Amount Clay (%)
Moisture (%)
Average pH
Average Ec (mS/cm)
CIE 1964 x (dry)
CIE 1964 y
CIE 1964 Y
CIE 1964 x (moist)
CIE 1964 y
CIE 1964 Y
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Normal
10YR6/3, 10YR6/3
10YR4/3
40 – 60
19.0
6.04
0.30
0.380
0.368
16.38
0.390
0.367
07.81

Anomaly
10YR6/4
10YR4/2, 10YR3/3
40 – 60
18.9
5.30
0.32
0.391
0.373
18.74
0.391
0.370
08.04
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(a) Mean spectra and standard deviation of wet soil samples
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(b) Mean spectra and standard deviation of dried soil samples

Figure 3.2: Laboratory spectral measurements acquired on A-horizon soil samples of
a microseepage site in Parádfürdő. The graphs show the mean (solid lines) spectrum
and standard deviations (dashed lines) of (•) anomalous soil samples acquired inside
the halo and (•) non-affected soil samples outside the halo.
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Table 3.5: Semi-quantitative XRF results for the A-horizon anomalous and nonaffected soil samples acquired at a microseepage in Parádfürdő. The concentrations
for W, Ni, KO and I are probably overestimated due to the measurement setup (see
appendix B).

Normal
Anomaly

Na2 O
0.89
0.82

MgO
1.11
0.95

Al2 O3
13.12
13.29

SiO2
75.12
74.92

P2 O5
0.17
0.19

K2 O
2.31
3.01

CaO
1.30
0.90

V2 O5
0.027
0.024

Cr2 O3

Normal
Anomaly

TiO2
0.77
0.81

0.015

MnO
0.133
0.131

Fe2 O3
4.85
4.65

Rb2 O
0.013
0.016

SrO
0.019
0.015

PdO
0.009

I
0.052
0.148

WO3
0.031
0.038

PtO2
0.013

Au
0.015
0.014

PbO

Normal
Anomaly

ZrO2
0.042
0.048

0.018

spectra of both the A-horizon and B-horizon show a slightly lower reflection in the blue wavelengths (0.5 µm) and a higher reflection in the red
wavelengths (0.7 µm). These differences in albedo and colour are for the
B-horizon stated by the CIE colour coordinates in table 3.4. The CIE x and
y colour coordinates confirm the shift in colour from bright-yellow of the
non-affected soil sample towards more reddish in the anomalous samples.
The change in albedo in the A-horizon can, however, not be seen in the
CIE colour coordinates in table 3.3: the spectra show a higher albedo for
the anomalous soil whereas the albedo of the CIE colour coordinates gives
a slightly lower albedo for the anomalous samples.
The XRD analyses show that the samples contain mainly quartz and some
plagioclase, most probably albite. The samples acquired inside the halo
additionally contain some alkali-feldspar. There are indications of the presence of clayminerals in both samples, probably a mica and a kaolin mineral.
The samples acquired outside the halo probably contain some smectite in
addition to a small fraction that could not be identified at all.
The results of the XRF analyses are shown in table 3.5. These results
confirm that there are hardly any compositional differences between the
anomalous and the normal soil samples. The anomalous soil has a higher
iodine (I) content, similar to the results obtained on the soils affected by
30

Chapter 3. Spectral characteristics of seepage anomalies

(a) Unaffected soil

(b) Anomalous soil

Figure 3.3: Photographs of A-horizon anomalous and non-affected soil samples acquired at a microseepage site in Parádfürdő. The anomalous soil contains rust mottles
and organic matter. The yellow bar at the bottom indicates a mm-scale.

macroseepage (section 3.2).

3.4

Analysis of vegetation affected by microseepage

The microseepages in Parádfürdő have additionally been studied for botanical anomalies. As a result of the presence of CO2 and CH4 in the soil can
lead to several botanical and, in the long-term, mineralogical alterations
[70; 35; 36]. A general model for the influence of CO2 and CH4 on the
shallow subsurface is presented by [36]. Bacterial oxidation of CH4 , by:
CH4 + 2O2 → CO2 + 2H2 O

(3.1)
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depletes the soil of oxygen, as oxygen supply is already limited due to the
upwelling CO2 . Eventually, the soil can even become anaerobic, causing
roots of plants to die off. The anaerobic and reducing conditions may lead
to formation of other gases such as C2 H2 (ethylene) and the reported H2 S,
as well as Fe2+ , Mn2+ , S2− and possibly NO−
2 , which all have a poisoning
effect on plants [36].
The changes in vegetation cover that have been observed in the field are
listed in table 3.6. This table clearly shows that both the vegetation density
and the number of plant species severely decrease inside the halo, which is
in agreement with the work of Pysek and Pysek [60] and Hoeks [34, 36]. It
was also seen (figure 3.3), that the amount of organic matter resulting from
dead vegetation and mosses is higher in the seepage-induced halo. Table 3.6
suggests that the boundary between the halo and the background is rather
crisp on the West side and more gradual on the East side. This is most
likely caused by the presence of a partly overlapping halo on the East side,
which can also be seen in the aerial photograph in figure 2.7 on page 17.

3.5

Discussion and Conclusions

It appears that there is hardly any compositional difference between the
anomalous and normal Californian soil samples, except for the moisture
content. The difference in moisture content is likely to be dependent on
the presence or absence of vegetation that keeps moisture in a soil. The
anomalous soil was hard and dried out and could only be sampled with
an axe, while the plasticity of the unaffected soil was sufficient to allow
sampling with an auger or drill. This anomaly was not consistent in the
Hungarian soil samples. The Hungarian soil showed a difference in bulk
colour (figure 3.3), mainly as a result of the presence of (decayed) organic
matter and rust mottles. The rust mottles may indicate poor drainage
inside the halo, possibly caused by standing water brought up by the seeping
CO2 but also by a lower topography. The second anomaly identified, the
relative change in pH, is of limited use for spectroscopy. The effect of soil
pH can, based on empirical evidence rather than a physical explanation,
mainly be seen by subtle changes in albedo when measured in a laboratory
[pers. comm. Prof. Stefan Sommer, JRC, Italy].
The iodine anomaly is the only anomaly that is present in the samples of
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West

Distance from vent (cm)

East

Table 3.6: Change in vegetation cover as a result of seeping CO2 . The transect is
acquired from East (top) to West (bottom). The vegetation density and dead organic
matter (DOM) have been estimated in the field separately. Hence, the combined
coverage and DOM may exceed 100%.

1960
1840
1720
1600
1480
1360
1240
1020
900
780
660
540
420
300
180
60
0
60
180
300
420
540
660
780
900
1020

Density (%)
100
100
90
80
70
70
60
80
80
70
60
20
20
40
50
30
20
40
20
30
30
25
20
90
90
100

DOM (%)
10
10
10
10
10
40
10
10
40
20
40
10
90
10
30
70
10
70
90
80
80
60
70
0
0
0

Species1
1,8,10,12,13
1,8,10,12,13
1,8,10,12,13
1,7,8,10,12,13
3,4,5,6,7,8,10
1,3,4,5
3,4,5,7,8,11
1,3,4,5,8,10
1,3,4,7,8,10
1,2,3,4,6,8
1,3,4,5
1,2,3
1,2
1,2
1,2
1
1
2
2,4
2,4,14
2,4,14
2,5
2,8,15
2,5,8,13,15,16,17
2,5,8,13,15,16,17
2,5,8,13,15,16,17

1 1 Grass (thick and very green), 2 Grass (reddish and with compact flower),
3 Yellow Composite, 4 Grass (with thin flower), 5 Trifolium repens, 6
Centaurea pratensis Thuill, 7 Plantago Major, 8 Achillea millefolium, 10
Ranunculus type, 11 Trifolium pratense, 12 Deschampsia Flexuosa, 13
Plantago Lanceolata, 14 Grass (cereal like), 15 Glechoma hederacea, 16
Ranunculus acris, 17 Taraxacum officinale.
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both California and Hungary. The XRF measurement for iodine is, however,
unreliable and likely to be overestimated (see section B.3 on page 112). As
a consequence, no further statements can be made on this observation.
In conclusion, the Californian and Hungarian soil samples do not share a
common anomaly that can be used as a generally applicable spectral feature
for optical remote detection of seepage-induced halos.
The change in vegetation cover in table 3.6 does give a clear anomalous
spectral signal. The botanical anomalies that theoretically can be measured
are a decrease in the number of species and a decrease in the vegetation
density. Schmidt [68] has shown that at present, the identification of different plant species by remote sensing is bound to case studies that cannot
be repeated in other areas without prior knowledge from the field or other
sources. The detection of a change in vegetation cover from 100% down
to approximately 20%, however, does not require a statistical relation with
field data. As a result, this measure for seepage-induced anomalies is generally applicable to the seepages that have been observed in the field. The
crisp boundary that limits the botanical halo shown in table 3.6 can also
be found in the Californian macroseepages. The formation of these rather
crisp boundaries is in agreement with the work of Hoeks [36], who finds a
rather abrupt change in soil gas concentrations at 4 m from a simulated
gas leakage. The crisp boundary in the Hungarian microseepage can be
found at approximately 7 m, which may be a result of the more dispersed
flow of gas in a natural seepage. Other halos that have been observed in
Hungary and California vary in width from 4 m to 10 m. It is likely that
the halo diameter is defined by a complex interaction of soil characteristics
and seepage flux.
Chapter 2 concluded that the spatial pattern that should be searched for
is the halo around a central vent; this chapter concludes that the seepageinduced halos are predominantly botanical anomalies and that a decreased
vegetation density is the main characteristic that is generally applicable. In
addition, it can be concluded that the halo has a sub-circular shape with
a crisp boundary in vegetation and a variable diameter of a few meters.
Consequently, detection algorithms for these objects have to be designed to
recognize circular shapes of variable width that have a decreased vegetation
density. Chapter 4 introduces shape parameters to measure the shape of
image objects.
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Chapter 4

Measurement of shape∗
4.1

Introduction

Many objects found in remote sensing studies cannot be distinguished by
spectral information alone; shape or textural information in the image needs
to be included in a classification algorithm. Previous studies using shapebased classifications can be found in medical imaging, such as detection of
microcalcifications in mammograms [78]. Examples of recent Earth remote
sensing studies using shape features are Vila and Machado [86] who use
shape properties of clouds to reveal the spatial organization of convective
systems, Silva and Bigg [75] who identify icebergs by shape, and Segl et al.
[73], who combine spectral and shape information in a seeded segmentation
technique for identifying urban surface cover types. The shape measures in
these studies are mostly based on surface area, on ratios between major and
minor object axes and on ratios between surface area and perimeter. With
the exception of very complex algorithms based on mathematical morphology [89], none of these studies are solely based on measures that describe
shapes independent of location, orientation and size. In this chapter, three
pose-invariant shape measures are used to classify morphological different
types of water bodies in a Landsat image.
∗

This chapter is based on the following paper: van der Werff, H. M. A. & van der
Meer, F. D. (2005). Shape-based classification of spectrally identical objects. Submitted
to the ISPRS Journal of Photogrammetry & Remote Sensing.
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4.2

Measuring the shape of an image object

To be able to measure the shape of an object, image pixels need to be
grouped into objects. A seeded region growing segmentation algorithm [31]
is used to extract spectrally homogeneous objects from an image. The
segmentation developed in this research consists of three phases: seeding,
growing of seeds to objects and merging of objects. Seeds are the pixels
where an object starts to grow. As random initialization of seeds usually
leads to different results for every segmentation, the segmentation starts at
locations that have a minimum local variance in a non-overlapping 3x3 kernel. In the growing phase, new seeds are placed until all image pixels have
been segmented or merged into objects. The euclidean distance between
image spectra is used as a similarity criterion for merging adjacent pixels
into an object. A threshold value for euclidean distance determines the
scale of segmentation: a threshold close to 0 will segment every pixel as an
individual object, a maximum threshold will segment the whole image as a
single object. In this research, the threshold is determined by calculating
the average value of all local variances calculated for initialization of the
seeds. In the merging phase, adjacent objects can be merged according to
the same similarity criterion. This merging process continues until a stable
image segmentation has been obtained.
After the image segmentation, the obtained image objects have to be characterized by their shape. Following Glasbey and Morgan [27], the following
shape parameters are used: compactness, roundness and convexity. These
shape measures are based on relations between the surface area of an object, perimeter length of the object and perimeter length of the object’s
convex hull. Object areas are calculated by a summation of all pixels in
an object. The convex hulls of objects, needed to calculate the measures
of roundness and convexity, are computed by a “Graham scan” [29]. The
pixels of small objects where calculation of a convex hull fails, for example due to insufficient image resolution, are added to an image mask and
are to be ignored in further classification. All perimeter lengths have been
approximated by
P
N8 + π
P erimeter ≈
(4.1)
0.900
P
where N8 is a summation of all 8-connected edge pixels that belong to the
object. For the convex perimeter, only pixels belonging to the outer edge
are counted. The object perimeter also includes pixels of possible bound38
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aries within an object. The perimeters measured are internal perimeters,
which are shorter than the actual perimeter. Although this difference is
mainly noticeable for small objects, π is added to the perimeter length as
a correction [27]. Furthermore, the perimeter is divided by a factor 0.900,
which is the number of 8-connected pixels per unit length in an image raster.
Compactness is defined as
Compactness = 4π

area
perimeter2

(4.2)

and has a maximum value of 1 for a circle, theoretically being the most compact object. Both a change of overall shape (such as the difference between
the apple and carrot in table 4.1) as well as the presence of local irregular
borders (such as the difference between the apple and pear in table 4.1)
will decrease this measure to lower values. A distinction between these two
influences can be made by the parameters roundness and convexity [27].
Roundness is defined as
Roundness = 4π

area
convex perimeter2

(4.3)

and also has a maximum value of 1 for a circular object and a value of less
than 1 for other shapes. Table 4.1 shows that the relative difference between
compactness and roundness enables a differentiation between the shapes of
an apple and a pear. The convex hull perimeter, however, makes roundness
relatively insensitive for irregular boundaries or an object’s convexity.
Convexity is defined as
Convexity =

convex perimeter
perimeter

(4.4)

and has a maximum value of 1 for a convex shape and will be less than
1 for objects with irregular boundaries. Table 4.1 shows that convexity is
influenced by the width and depth of concavities. The carrot has a minor
concave shape on the left side that results in a relative high number for
convexity. The banana has a deeper concavity and thus a lower value for
convexity, while the pear has a less deep but narrow concavity that results
in the lowest value for convexity for these shapes.
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Table 4.1: Shape measures calculated for some fruit pieces: an apple, a pear, a carrot
and a banana. Objects with hardly any irregularities or concavities in their edges, such
as the apple, have similar values for compactness and roundness.

Compactness
Roundness
Convexity

Apple

Pear

Shapes
Carrot

0.758
0.758
1.000

0.584
0.603
0.983

0.313
0.315
0.997

Banana

0.362
0.369
0.991

Compactness

1.2
circle

1.0

ellipse

0.8
0.6
0

2000

4000

6000

8000

10000

Area (pixels)

Figure 4.1: The effect of an increasing object
area on shape measures calculated from
1
an image lattice. Although absolute values for objects smaller than approximately 2000
pixels should be applied with care, the relative difference can be used if the objects
have sufficiently different shapes.

4.3

Influence of image resolution

Shape measures are pose-invariant: change of orientation, location and size
leave a measure unchanged. However, image resolution does influence shape
measurements: an image should have a sufficiently small footprint. To visualize the effect of decreasing image resolution on shape measures and to
determine the required object size, two raster objects were created; a circle
with radius r and an ellipse with axes a = r and b = 2r. The edges were
kept smooth, consequently the shape measures compactness and roundness
provide the same numbers while convexity is equal to 1, for example as
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Arctic Ocean

ALASKA
Koyukuk area

Bering Sea

Pacific Ocean
0

200

400 km

Figure 4.2: The location of the studied lakes, located along the Koyukuk river in
Alaska.

shown by the shape measures calculated on an apple in table 4.1. Radius r was decreased from 200 to 2 pixels in steps of 2 and shape measures
were calculated for every step. The effect of decreasing image resolution
is shown in figure 4.1. While shape measures are theoretically stable, the
noise in the graphs shows that the measures are influenced by calculating
area and perimeters from an image lattice. The graph also shows that for
objects with an area less than approximately 2000 pixels, the absolute values should be interpreted with care. For smaller areas, one should rather
use relative differences between shape measures only. Furthermore, measures acquired from areas less than approximately 500 pixels surface area
should only be used in instances where objects have considerably different
shapes, such as the circle and ellipse. Results obtained by resampling of the
fruit image of table 4.1 from approximately 5000 pixels surface area to 50
pixels surface area support the conclusion that an object should consist of
approximately 500 pixels at minimum to be able to use the absolute value
of shape measures.
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0

1

2 km

0

(a)

1

2 km

(b)

Figure 4.3: An RGB colour-composite of Landsat bands 3,2,1: (a) shows an image
subset with the Koyukuk river with some oxbow lakes and small thaw lakes; (b) shows
a subset with thaw lakes at some distance from the river.

Table 4.2: The five endmembers used for image classification. Displayed are the object
edges. The shape and spectral measures calculated are compactness, roundness and
convexity, and the re-scaled spectral values (DN) of Landsat bands 1,2 and 3 (see text
for details).

Compactness
Roundness
Convexity
TM Band 1
TM Band 2
TM Band 3
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River

Rounded

0.053
0.093
0.753
0.271
0.094
0.090

0.618
0.719
0.927
0.235
0.078
0.055

Shapes
Angular Horseshoe

0.373
0.492
0.871
0.235
0.078
0.059

0.116
0.154
0.867
0.239
0.071
0.043

Oxbow

0.138
0.380
0.602
0.243
0.075
0.063
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4.4

Application to a multispectral image

The image used to illustrate the problem of classifying spectrally identical objects is a Landsat 5 TM image acquired in June 1986. This image
covers a part of the Koyukuk river in Alaska, a tributary of the Yukon
river (figure 4.2). A high runoff during spring causes meanders to grow
and eventually to be cut off from the main stream forming oxbow lakes.
Together with the many thaw lakes that result from permafrost [26], the
still waters of the oxbow lakes are in high spectral contrast with the sediment loaded water of the Koyukuk river (figure 4.3). As a result, water
in the river can easily be spectrally distinguished from water in the lakes.
To distinguish between thaw lakes and oxbow lakes is, due to their spectral
similarity, problematic unless the general shape of these lakes is considered
in an image classification.
The byte values of the Landsat image (0 – 255 DN) were rescaled to floating point numbers in the range of 0 – 1 DN with the purpose of obtaining
equal ranges for shape measure values and spectral values. The normalized
difference vegetation index (NDVI) was calculated for masking purposes;
pixels that have a negative value for NDVI were interpreted as (partially)
containing water. After a visual inspection to check that this approach
worked for the lakes as well as the river, the non-water pixels and pixels
that belonged to some small objects of which a convex hull cannot be calculated were masked. Next, image segmentation, as described in section 4.2,
was performed on the masked image with a Euclidean distance similarity
criterion of 0.7, which was obtained as described in section 4.2.
Three classifications based on shapes, spectra and a combination of shapes
and spectra were carried out on an image subset of 1000x1000 pixels. Based
on the general morphological shapes of water bodies present in the image,
five different endmembers were defined as representative for the water bodies in the image: river, rounded thaw lake, angular thaw lake, horseshoe
oxbow lake and normal oxbow lake (table 4.2). The two classes for thaw
lakes were, like the two classes for oxbow lakes, bound to overlap as there
are no morphological differences. The subdivision for thaw lakes was made
to study the sensitivity of shape measure with respect to object sizes. The
subdivision for oxbow lakes was made as an extra test because horseshoelike shapes are generally difficult to measure by relations between surface
area and perimeter [27].
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(a)

(b)

(c)

(d)

Figure 4.4: Classification results of the Koyukuk river with some oxbow lakes and thaw
lakes: (a) expert classification, (b) shape classification, (c) spectral classification, (d)
spectral-spatial classification. The displayed classes are: (•) river, (•) rounded thaw
lake, (•) angular thaw lake, (•) horseshoe oxbow lake, (•) normal oxbow lake. The
lakes that are absent in the expert classification result did not have a majority count.
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(a)

(b)

(c)

(d)

Figure 4.5: Classification results of some thaw lakes in the Koyukuk area: (a) expert
classification, (b) shape classification, (c) spectral classification, (d) spectral-spatial
classification. The displayed classes are: (•) river, (•) rounded thaw lake, (•) angular
thaw lake, (•) horseshoe oxbow lake, (•) normal oxbow lake. The lake that is absent
in the expert classification result did not have a majority count.
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Table 4.3: Confusion matrix for the shape classifications of figure 4.4(b) and a plurality
class map of figure 4.4(a) made by 15 remote sensing experts. Horizontal is the class
according to the shape measures, vertical is the class according to the plurality. 5 out
of the 22 objects have been omitted as these objects had no majority or a majority
less than 75%.

Shape
River
Rounded
Angular
Horseshoe
Oxbow

River
1
0
0
0
0

Rounded
0
6
0
0
0

Plurality
Angular Horseshoe
0
0
3
0
3
0
0
0
0
1

Oxbow
0
0
1
0
2

For each shape, a representative object was extracted from the image outside the selected subsets (table 4.2). The shape measures calculated from
these five objects were used as endmembers for shape-based classification.
As the area of most of the water bodies is less then 2000 pixels, shape classification was done by vector angle. This method is more sensitive to the
relative differences between shape measures and is not affected by absolute
values [5]. The spectral classification was carried out on Landsat bands 1
– 3 as these bands contain most spectral information on water [50]. The
pixel-based MDC classifier was chosen as a suitable classification algorithm
as spectral differences are likely to be found in intensity rather than in spectral absorption features. The mean spectra of the five shape endmembers
were taken as spectral endmembers (table 4.2). The “spectrum” used for
the combined spectral and shape classification consisted of the three shape
measures and the first three spectral bands of the Landsat image. This
classification was done by vector angle for the same reason as the shapebased classification: the values of the shape measures cannot be taken as
absolute values.
The results of the shape-based classification were compared to a plurality
class map made by 15 remote sensing experts, following the procedure as
described in Middelkoop [56]. Their task was to classify, based on only
shape and not on morphological interpretation, the segmented objects with
the shapes of table 4.2. A hard classification was obtained by selecting the
class that had a 75% or higher majority of the counts.
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Table 4.4: Confusion matrix for the shape classifications of figure 4.5(b) and a plurality
class map of figure 4.5(a) made by 15 remote sensing experts. Horizontal is the class
according to the shape measures, vertical is the class according to the plurality. 1 out
of the 22 objects has been omitted as this object had no majority or a majority less
than 75%.

Shape
River
Rounded
Angular
Horseshoe
Oxbow

River
0
0
0
0
0

Rounded
0
9
0
0
0

Plurality
Angular Horseshoe
0
0
4
0
7
0
1
0
0
0

Oxbow
0
0
0
0
0

Table 4.5: Performance of the shape based classification

Definitions
intra-morphological
inter-morphological

4.5

Subset 4.4
good false
12
4
16
0

Subset 4.5
good false
16
5
20
1

good
28
36

Total
false score
9
76%
1
98%

Results and Discussion

Diagrammatic classification output is shown in the two image subsets in
figure 4.4 and figure 4.5. Confusion-matrices comparing the shape-based
classification and the plurality class map of these two subsets are shown
in tables 4.3 and 4.4, while the overall accuracy is shown in table 4.5.
Figure 4.4(b) shows that the river, oxbow- and thaw lakes can all be distinguished and classified by shape measures. The rounded and angular thaw
lakes in figure 4.5(b) can also be successfully distinguished, although the
classes overlap in their morphological description. Table 4.5 shows that,
even when making this distinction between morphologically equal lakes,
the classification has a score of 76%. When not making this somewhat
unrealistic distinction, the score rises to 98%.
The spectral classification shown in figure 4.4(c) could distinguish the sediment loaded Koyukuk river from the lakes, although some spectral confusion between the classes river and lakes was found at the lakes. A distinction, however, between oxbow lakes and thaw lakes is, as expected, not
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possible. The result of the classification combining spectral properties and
shape measures, shown in figure 4.4(d) is open to discussion. Due to the
setup of this study, shape measures are more descriptive of the endmembers than the spectra. A result of this is that a combined spectral-shape
classification using an equal contribution of shape and spectral bands gave
results that were nearly identical to the results obtained with shapes only.
It can be concluded that combined use of shape and spectral information
probably needs to be both informative and balanced before it is applied.
For the shape-based classification, class confusion is mainly to be found
within the morphological classes: between rounded and angular thaw lakes
and between horseshoe and normal oxbow lakes (tables 4.3 and 4.4). This
confusion was, however, expected as it was imposed by the selection of
classes. The difference between rounded and angular seems to depend on
the presence of concave or convex sides. Many of the small objects tend
to be classified as rounded thaw lakes, while elongated shapes classify the
thaw lakes as angular. Figure 4.5 in particular shows that often only a few
pixels determine the classification of a small object, which again shows the
importance of image resolution. It is worthwhile to mention that all objects
that do not have a majority count in the expert classification are also all
small.
A shape-based classification of horseshoe lakes is, as expected, difficult.
The southern horseshoe oxbow in figure 4.4(b) was, according to the remote
sensing experts, expected to be classified as a horseshoe and not as a normal
oxbow lake. Another problem is found in figure 4.5, where two connected
thaw lakes are interpreted by the shape-based classification as a horseshoe
lake. Both errors are likely to be caused by the choice of endmember. The
horseshoe lake in figure 4.4 is “thin”, while the combination of the two thaw
lakes in figure 4.5 is “thick”, and therefore more closely resembles the shape
of the endmember in table 4.2.
A practical use of shape parameters does need some consideration. Firstly,
objects need to be complete and contiguous for an accurate shape description. This is directly related to the nature of the studied objects, although
it is up to an end-user to apply an image processing method with common sense. More importantly, it relates to the image segmentation. The
segmentation result depends mainly on the threshold set for the similarity criterion, also indicated and analysed by Silva and Bigg [75]. For our
study, almost any threshold would have been applicable because all pixels
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that did not contain water had been masked before doing the image segmentation. Improper chosen thresholds can easily cause undersegmentation
or oversegmentation, making shapes unrecognisable. A second consideration is that objects need to be described by a sufficient number of pixels to
allow an accurate measure of shape, as shown by figure 4.1. This limits the
use of shape parameters, in remote sensing, to objects of considerable size
(approximately 0.45 km2 ) when studied with a 30x30 m Landsat sampling
interval. A spatial resolution of 25x25 cm is required for the detection of
seepage-induced alteration halos that are generally only 5 – 20 m wide.
Application of this method for the detection of seepage-induced anomalous
halos using present day multispectral or hyperspectral imagery is consequently not likely to succeed.

4.6

Conclusions

In this research, we focussed on distinguishing objects with similar spectral
signatures based on their shape. The shaped-based approach allows a discrimination of lakes resulting from the meandering river and lakes resulting
from permafrost. A classification based on spectral information could only
differentiate between turbulent water of the river and still waters in oxbowand thaw lakes. Although objects need to consist of a sufficient number of
pixels to obtain accurate shape measures, using the spatial information enables recognition of objects that would otherwise be confused when using a
pixel-based spectral classification alone. The main advantage of using shape
measures is that spatial information is not interpreted by an end-user from
separate pixels, but objectively measured by a software algorithm. Seepage
detection, however, requires a method that does use the observed circular
shape (see chapter 3) but acts on a few image pixels only.
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Detection of complex
objects∗
5.1

Introduction

Chapter 4 concluded that object shape can be used for image classification. The proposed method was, however, not suitable for the detection of
seepage-induced anomalies due to the required resolution of remotely sensed
imagery. This chapter presents the “rotation variant template matching”
(RTM) algorithm for the detection of an object that consists of a few pixels
only. In this research, an object is not a homogeneous polygon but consists
of a group of pixels with a specific spatial and spectral pattern that may
not have a statistical coherence but do belong together according to expert
knowledge.
The algorithm matches the spectral and spatial knowledge of the object,
by means of an image template, to a remotely sensed image. The template
is moved over the image like a moving and re-classifying kernel [7; 19; 76].
At every position, the template is rotated and a statistical fit is calculated for every pose. Rotation invariance is a desirable and therefore often
∗

This chapter is based on the following paper: van der Werff, H. M. A., van Ruitenbeek, F. J. A., van der Meijde, M., van der Meer, F. D., de Jong, S. M. & Kalubandara,
S. (2005). Rotation-variant template matching for supervised hyperspectral boundary
detection. Accepted to IEEE Geoscience and Remote Sensing Letters.
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studied feature in template matching [83; 12], as conventional spatial crosscorrelation algorithms cannot be applied when an object can be rotated [13].
The algorithm presented here is novel in that it is on purpose designed to be
rotationally variant. The variance in spectral fit of the template, obtained
by fitting at different orientations, contains pertinent information that can
be used for interpretation of the spectral signature.
The mathematical concept of the RTM algorithm is presented, and the
outcome of the RTM method is clarified and evaluated using a simulated
dataset. The RTM method is then applied to hyperspectral airborne images
of a hydrothermal alteration system in south-eastern Spain with the aim of
detecting boundaries between specific mineral assemblages in this system.
Such boundaries can in geological terms be considered as an object and are
defined by the existence of, at least, two spectrally contrasting pixels.

5.2

Template matching and the RTM algorithm

An image template is a miniature image that contains both spatial and
spectral information of an object. Such a template can be one-dimensional,
e.g. 3x1 pixels that contain information of a boundary between two pixels
with spectral contrast, or two-dimensional, e.g. 5x5 pixels, showing an object with a dark (shadow) and bright (sun) side. A template is designed
according to theoretical knowledge of an object. The spatial resolution of
the object in the template must fit the spatial resolution of the remotely
sensed image. The actual match between template pixels and image pixels is calculated by well-known classification algorithms such as “minimum
distance to class means” [61] and “spectral angle mapper” [45]. The algorithm can be applied to any kind of imagery that has sufficient spectral and
spatial resolution.
The spectral fit between each template pixel and its respective image pixel
Fp is calculated for every position and orientation “a” of the template. The
“spectral fit” of a template, Fs , is calculated as
PN

Fs(a) =

p=0 F(p)

N

(5.1)

where Fp is the spectral fit for a pixel p and N is the number of template
pixels (e.g., N = 3 in figure 5.1). The variance in spectral fit of all template
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Figure 5.1: Template matching is done by (a) moving a template over an image and
by (b) changing its orientation at every position by 45◦ increments up to a total of
eight orientations.

pixels (“spectral variance”, Vs ) is calculated as
PN

Vs(a) =

p=0 (F(p)

− Fs(a) )2

N

(5.2)

At each position, the minimum and maximum values found for Fs by rotating the template is saved as “optimal fit” (Fopt ) or “marginal fit” (Fmar ).
The “optimal angle” (Aopt ) is set to the angle that results in the optimal
fit. The “mean fit” (Fr ) of all orientations a is calculated as
PA

Fr =

a=0 Fs(a)

A

(5.3)

where A is the number of template orientations. A was set to 8 in this
research, as 45◦ increments is sufficient to obtain an optimal orientation for
a 3x1 template. The “rotation variance” (Vr ) is calculated as
PA

Vr =

a=0 (Fs(a)

− Fr )2

A

(5.4)

The five measures obtained by computing the template fit at every orientation (optimal fit, marginal fit, mean fit, optimal angle and rotation
variance) contain spatial information or combined spatial-spectral information of the template fit. Information of the initial spectral fit obtained with
equation 5.1 is compressed and saved as “mean spectral variance” (V s ):
PA

Vs =

a=0 Vs(a)

A

(5.5)
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Table 5.1: The measures calculated by the RTM algorithm, the equations needed to
calculate the measure and the domain on which the measures act.

Symbol
Fopt
Aopt
Fmar
Fr
Vr
Vs

Measure
optimal fit
optimal angle
marginal fit
mean fit
rotation variance
mean spectral variance

Equation(s)
5.1
5.1
5.1,5.3
5.1,5.3,5.4
5.2,5.5

Domain
spatial & spectral
spatial
spatial & spectral
spatial & spectral
spatial
spectral

In total, six measures are extracted from the algorithm (table 5.1). The
algorithm is restricted to odd template dimensions ensuring that a template
always has a centre pixel. This simplifies the calculation of pixel coordinates
when rotating a template. In addition, the location of the image pixel
that coincides with the centre pixel of the template is used to save the
RTM algorithm output. The value of the centre pixel can optionally be
ignored in calculating the template fit in case an object is to be described
by two pixels only, such as a crisp boundary. Such a crisp boundary, which
theoretically would fall inbetween two image pixels, can be indicated in the
resulting algorithm output image by a double-pixel line centred around the
theoretical position of the boundary.

5.3

Application to a synthetic image

For every application of the RTM technique, the appropriate measures of
table 5.1 need to be derived and interpreted. For mapping a boundary between two spectrally contrasting endmembers (the case study in this chapter), we need to know that both spectral signatures that are used in the
template are present. In case either endmember is found to be present, we
also need to know whether these spectral signatures form a crisp boundary
or an intra-pixel mixture, thereby co-existing or forming a gradual boundary. The optimal fit will have a high match in case both signatures are
present and a low match if none of the signatures is present. The rotation
variance indicates the presence or absence of a crisp boundary between the
signatures. This measure will be relatively low when the template match is
similar for all orientations, which happens when none of the signatures is
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Table 5.2: The sensitivity of the RTM measures “optimal fit”, “rotation variance”
and “mean spectral variance” for several combinations of mineral coexistence and
boundaries, which is given by + (high), ± (moderate) and − (none). Combined,
these three RTM measures have an unique signature for all possible spectral and
spatial combinations of the two endmembers.

optimal fit
rotation variance
mean spectral variance

Endmembers and boundaries
Two
One
None
Fuzzy Crisp Fuzzy Crisp None N/A
+
+
±
±
±
−
±
+
±
+
−
−
+
±
+
−
±
−

present or when both are present as a mixture. The rotation variance will
be relatively high when at least one of the signatures is present and forms
a crisp boundary. Pure pixels can be recognized by a relatively high mean
template variance, as the difference in spectral fit between the pixels will
be maximal for these locations.
To support these hypotheses, a simple experiment was done by matching
a 3x1 template with spectra of pure kaolinite (A) and alunite (B) to an
artificial image constructed from JPL laboratory spectra [30]. The artificial
image, displayed in figure 5.2, is 100x3 pixels in size and has, from left to
right, 3 fuzzy boundaries of 10 pixels wide and 3 crisp boundaries. The
areas indicated by A, B, C or D consist respectively of the spectra of pure
kaolinite, alunite, illite and quartz and are each 10 pixels wide. For the
purpose of finding crisp boundaries between the endmembers, the value of
the template centre pixel was ignored in the RTM calculations.
The applied spectral matching method was the spectral angle or vector
angle [45]. The measure of optimal template fit (Fopt ) is likewise expressed
as vector angle, meaning that a low value represents a better template fit.
The template fit is optimal for the crisp boundary AB (I in figure 5.2), and
conversely decreases for the fuzzy boundary AB (II), presence of only A or
B and absence of minerals A and B (in areas C and D). The mean spectral
variance has the lowest values for fuzzy boundary AB (III), with an increase
for fuzzy boundary BC (IV) and high values for both boundaries between
areas C and D (V). The combination of a high mean spectral variance
and an optimal template fit in areas A and B can be used to differentiate
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Figure 5.2: Profiles of the RTM output image, showing the results of matching a 3x1
template with a pure spectrum of mineral A and mineral B to an artificial hyperspectral
image of 100 pixels wide. The areas marked with A, B, C or D consist of the respective
pure endmembers and are each 10 pixels wide. From left to right, the image has three
gradual boundaries (10 pixels wide) and three crisp boundaries.
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Figure 5.3: The Rodalquilar caldera complex in south-eastern Spain. This figure shows
the nested Lomilla and Rodalquilar calderas and the location of the Los Tollos and
Cinto alteration systems. The subset of the HyMap image used in this study covers
the Los Tollos alteration system.

between areas in which only one endmember is present and areas that have
a mixture of both endmembers. The graph of rotation variance in figure 5.2
has high values for crisp boundaries of one or both endmembers (VI), lesser
values for fuzzy boundaries and relatively low values for boundaries where
none of the template endmembers is present. The results of figure 5.2 are
summarized in table 5.2. This table shows that a combination of the RTM
measures “optimal fit”, “rotation variance” and “mean spectral variance”
allows the detection of a boundary between two spectrally contrasting areas.

5.4

Application to a hyperspectral image

The RTM algorithm was applied to a 250x250 pixels subset of a HyMap
[16] hyperspectral image acquired over the Rodalquilar caldera complex in
south-eastern Spain (figure 5.3) during the HyEurope campaign in July
2003 [37]. Characteristics of the HyMap sensor can be found in table A.1
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Figure 5.4: The SWIR spectra of alunite (black), kaolinite (grey) and illite (light grey)
from the JPL spectral library at full resolution and at HyMap resolution.

on page 109. The Rodalquilar caldera complex consists of two nested
calderas that were formed by volcanic eruptions about 11 Ma ago [63]. The
lower parts were subsequently covered by lake and lacustrine sediments, the
caldera complex underwent an intensive epithermal alteration that resulted
in two alteration systems [3]: the Cinto system and the Los Tollos system.
Both systems contain high and low sulphidation mineral assemblages and
host ore deposits with several, nowadays abandoned, mines that are clearly
visible in remotely sensed imagery. Arribas Jr. et al. [3] differentiate five
alteration types that occur in zones around the area of maximum alteration as well as at depth. Ranging from highest to lowest alteration intensity, these zones are silicic, advanced argillic, intermediate argillic, sericitic
and prophylitic. The silicic alteration zone contains two types of silicate
rocks: “vuggy” quartz (a residual silicate rock) and massive silicified rock
(occuring as vein fillings or hydrothermal breccia). The advanced argillic
alteration zone is adjacent to the vuggy quartz zone, and starts with an
assemblage of quartz, alunite and kaolinite. Next, an area of quartz and
kaolinite, mixed with increasing quantities of illite and illite-smectite mixed
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layer silicates is found.
The centre of the image covers the Los Tollos alteration system (figure 5.3)
and is approximately located at 4080400N, 865000E (UTM zone 30N). The
mineralogical sequence that, based on theoretical geological knowledge of
alteration systems, is expected to be present is quartz and alunite in the
centre, surrounded by a halo of predominantly kaolinite that, in its turn,
is surrounded by a halo with enrichment of illite. Illite is in the image also
present in areas where metamorphic rocks are covered by recent sediments
and dust, and should as such be regarded as the background signal of the
image. The image was atmospherically corrected by DLR with the Atcor4
package [62] and delivered in reflectance values. The datacube was spectrally subset into 19 SWIR bands (2009 – 2325 nm). The subset included
only the wavelengths containing diagnostic absorption features for kaolinite, alunite and illite (figure 5.4) and thus avoided possible interference with
other, non-distinctive, spectral features. After resampling to the spectral
resolution of HyMap, two 3x1 templates with mineral combinations kaolinite-alunite and kaolinite-illite were created from JPL laboratory spectra
[30]. The distinctive double absorption feature of kaolinite is affected by
the resampling to the Hymap resolution. Consequently, the difference between the spectra can mainly be found in the position of the broad main
absorption band of each mineral. The vector or spectral angle [45] was
chosen as the spectral matching method because this method is insensitive
to brightness differences between library spectra and image spectra. The
templates were rotated by 45◦ increments up to a total of eight template
orientations. For every template, the algorithm output consists of an image
with a template match measure in each band, as indicated in table 5.1.
The algorithm results are shown as images in figures 5.5 and 5.6 and as
profiles in figure 5.7. During fieldwork in July 2004, a 1.2 km long profile
of ASD reflectance measurements was collected in the Los Tollos area. The
locations of boundaries between mineral assemblages could only be approximated because of gaps in this profile. As an alternative, the profiles of the
field measurements were used in establishing a mineralogical profile based
on an East-West transect at a Northing of 4080208N (UTM zone 30N) in
the HyMap image, indicated by the horizontal white line in figure 5.5(b).
The resulting mineralogical profile is shown in figure 5.8 and is compared
to the RTM profiles in figure 5.7.
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Kaolinite – Alunite
Kaolinite – Illite

(a)

Alunite
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Figure 5.5: RTM results for detecting boundaries in the Rodalquilar area, Spain. (a)
shows a color-composite of the rotation variances of both templates, clearly showing
a zone of crisp alunite-kaolinite boundaries in the (•) centre and crisp kaolinite-illite
boundaries in the (•) North and Northwest. (b) shows an inverted colour-composite of
rule images obtained with a SAM classification, and shows abundances of the respective
minerals. The white East-West striking white line in (b) indicates the location of the
profiles in figures 5.7 and 5.8. The white asterisks indicate locations of Analytical
Spectral Devices, Inc. (ASD) field spectral measurements.

5.5

Results

The RTM algorithm was applied to a HyMap image of an alteration area
in south-eastern Spain for detecting boundaries between areas with a dominant abundance of alunite and kaolinite and for similar boundaries between
kaolinite and illite. Figure 5.5(a) shows that the “rotation variance” measure is capable of detecting boundaries between alunite and kaolinite in the
centre of the image (cyan) while boundaries between illite and kaolinite are
mainly located Northwest of the centre (red). These results are in agreement with figure 5.5(b), which shows the abundance of alunite, kaolinite
and illite by means of an inverted colour-composite of rule images obtained
with a spectral angle classification. The boundaries are also visible in red
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Figure 5.6: RTM results for detecting boundaries in the Rodalquilar area, Spain. (a)
and (b) show color-composites of (•) rotation variance (•) optimal template fit and
(•) mean spectral variance for a 3x1 kaolinite-illite template and a 3x1 kaolinite-alunite
template, respectively.

tones in figures 5.6(a) and 5.6(b). These figures show a colour-composite of
rotation variance, optimal template fit and mean spectral variance for the
kaolinite-illite template and the kaolinite-alunite template respectively. As
previously stated in figure 5.2, areas with mixed pixels have a high optimal
template fit and therefore a low value for vector angle. Consequently, the
dark tones in figures 5.6(a) and 5.6(b) indicate a good fit of the template
while green tones indicate a wide vector angle and thus a marginal fit.
The areas indicated as having kaolinite-illite coexistence are more abundant Northwest of the centre (figure 5.6(a)) when compared to the areas
of kaolinite-alunite coexistence which are mainly abundant in the centre of
the image (figure 5.6(b)). The deep blue areas in figures 5.6(a) and 5.6(b)
have a relatively high value for mean template variance, which, following
the results of figure 5.2, indicates the presence of only one of the endmembers. The template matching results obtained with a single template do
not indicate which of the endmembers is present.
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Figure 5.7: Graphs showing profiles of the three RTM measures as shown in figure
5.6: optimal fit (top), rotation variance (middle) and mean spectral variance (bottom).
The numbers I–VIII indicate descriptive results that are explained and compared to the
mineralogical profile (shown at the bottom of this figure and explained in figure 5.8)
in section 5.5.

Profiles of the template matching results have been collected over the entire
width of the image (figure 5.5(b) & figure 5.7) and are compared to a
mineralogical profile that shows dominant abundances of alunite, kaolinite
or illite (figure 5.8). This mineralogical profile has been interpreted from a
SAM classification using the resampled spectra of alunite, kaolinite and illite
as classification endmembers. The SAM classification was carried out on
the HyMap image and on a profile of ASD Fieldspec measurements acquired
every 20 m along a 1.2 km transect in the Los Tollos area. The graph for
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Figure 5.8: The mineralogical profile that has been interpreted from a SAM classification of the HyMap image, obtained using spectra of alunite, kaolinite and illite
at HyMap resolution (figure 5.4). Field reflectance measurements have been used to
interpret the spectral mixture, while the location of boundaries are interpreted directly
from the displayed HyMap profile. The dashed areas in the mineralogical profile have
frequent changes in mineralogy and result in the frequent occurrence of peaks in the
Eastern part of the RTM profiles in figure 5.7.

optimal fit in figure 5.7 shows, in agreement with the mineralogical profile,
a few large gradients in the Western part of the profile (for example as
indicated by I, II and III ). The Eastern part, which has frequent changes
in mineral abundances, has accordingly numerous smaller gradients (for
example IV, V and VI ). The gradients in the graph for optimal fit can be
found back as peaks in the graph for rotation variance. Points I, II, IV,
V and VI show crisp boundaries between kaolinite and illite, and III,IV,
V and VI show crisp boundaries of kaolinite and alunite. While most of
the peaks are unique for one template (such as I, II and III ), the values
for peaks IV, V and VI are for both templates in the same range. These
three double peaks are likely to be a result of human-made crisp boundaries
between alunite and illite: the area between V and VI is a valley with a
road. The area between IV and V is an open pit alunite mine, which
can also be seen in the optimal fit profile for kaolinite-alunite of figure 5.7
and in the spectral profiles of figure 5.8. To a large extent, the graphs for
mean spectral variance resemble the graphs for optimal fit. Although the
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transect covers only a few areas where one of the endmembers is present,
the deviations that result in the bluish tones in figure 5.6(a) and 5.6(b)
can be seen in figure 5.7. Points VII and VIII are examples of a deviation
between the graphs for mean spectral variance and optimal fit which are
slightly higher than the average differences between the graphs. However,
like the image results for mean template variance, the profiles also do not
indicate which endmember is present.

5.6

Discussion

The results for the RTM algorithm in figure 5.5 show that the algorithm
could detect crisp boundaries between mineral assemblages. Figure 5.6
shows that rotating of the template could provide additional information
by making a distinction between crisp boundaries (red tones), areas with
mineral coexistence (dark tones), areas where one template endmember has
a dominant presence (deep blue tones) and areas where the template has a
marginal fit (pale green tones). These results show that the RTM technique
is, in its present form, a valuable tool for the preparation of maps, e.g. prior
to fieldwork. In addition, the results show that applying a 3x1 template is
sufficient to detect crisp as well as fuzzy boundaries.
The measure “optimal fit” in figures 5.6(a) and 5.6(b) shows some overlap between areas with kaolinite-alunite and kaolinite-illite mixed pixels.
This is probably caused by the presence of kaolinite in the central alunite
zone as well as the gradual increase of illite in the direction of the outer
zones. The presence of kaolinite in the alunite zone means that the detected
crisp alunite-kaolinite boundaries were formed by younger faulting, while
the overlapping (dark) areas in optimal fit indicate a fading out of alunite
in a kaolinitic background. Kaolinite is, however, not only spatially located
between the alunite-rich and illite-rich zones. According to figure 5.4, the
dominant absorption features of kaolinite are, especially at HyMap resolution, located inbetween the absorption features of alunite and illite. This
implies that detection of fuzzy boundaries of kaolinite-alunite and kaoliniteillite suffers in this research from a spectral and therefore spatial confusion.
A possible spectral confusion is likely to be the result of inconsistencies
between the image spectra and the laboratory spectra used in the template.
Image spectra are influenced by the atmosphere and the illumination of the
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Sun, while the laboratory spectra are acquired in controlled conditions with
artificial light on pure and ground rock samples. The RTM algorithm only
indicates a relative fit and not an absolute fit of a template. The measures
of the RTM algorithm should be relatively insensitive to these spectral
inconsistencies unless the different spectra have a different sensitivity. This
is, however, a general problem faced in remote sensing and not solely a
drawback of the RTM algorithm.
A single template matching result does not provide sufficient information to
identify which mineral is present in areas with a relative high mean template
variance. A comparison however with results of a standard spectral angle
classification in figure 5.5(b) shows that the bluish areas in figure 5.6(a)
are rich in illite (or depleted in kaolinite), while the bluish areas in figure 5.6(b) are rich in kaolinite (or depleted in alunite). Similar conclusions
can also be deduced by combining both template matching results. Alunite
is only present together with kaolinite. Consequently, the bluish areas in
figure 5.6(a) that are pale green in figure 5.6(b) can be classified as illite.
Likewise, the bluish areas in figure 5.6(b) that are pale (bluish) green in
figure 5.6(a) can be classified as kaolinite. Although there is technically
speaking no preference as to which method to apply to perform such a
spectral interpretation, it should be noted that the kind of knowledge that
a user requires for applying a template matching algorithm is very different from the kind of knowledge needed for traditional mapping algorithms.
While traditional mapping by remote sensing requires knowledge on spectral behaviour of the studied area and all targets that make up an object,
the RTM technique mainly requires (non-spectral) expert knowledge of the
studied object itself and a thorough interpretation of the algorithm results.
Additionally, a traditional mapping algorithm matches a reference spectrum
to a single image pixel. The results of such a software-driven classification
have to be interpreted and combined like parts of a puzzle, spectrally as
well as spatially, to actually obtain information of the studied object. When
we, however, aim to sense within images what we can sense as humans, all
spectral, spatial and textural knowledge of an object ought to be combined
in a knowledge-driven algorithm. Matching a template to an image is like
matching a piece of knowledge that contains all the necessary information
required to distinguish an object from its surroundings. In this sense, the
template matching approach is generic and applicable to many fields of
science.
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An interesting technical application of the RTM algorithm lies in the support of traditional algorithms to improve classification results. Hard classifications are usually obtained by thresholding of rule images. The user
that determines the threshold is required to have detailed knowledge of an
area or an object in order to get an adequate mapping result. Although it
is possible to gain this information from the field, a consequence is that remote sensing images rarely give new information to a user and that results
tend to be scene-specific. The RTM results could enhance the thresholding
of traditional algorithms. For mapping of mineralogical zonations, rule images could be thresholded by limiting the spatial extent of an object to the
boundaries indicated by the RTM algorithm. Such an application would
change results from purely being scene-specific to becoming object-specific
output, and thus provide new information from any image.
As concluded in chapter 2, the dominant spatial pattern that characterizes
natural seepages is a central vent surrounded by an anomalous halo. In
chapter 4, image segmentation was used for the detection of circular objects. Unfortunately, the average spatial resolution of present day airborne
hyperspectral sensors (see Appendix A) is too low to use this method for
the detection of seepage-induced halos. The template matching approach
does work at the spatial resolutions that are available with present day
airborne hyperspectral sensors. This advantage is, however, a drawback
at the same time: a rigid template is not enough versatile to capture the
spatial and spectral variability in natural objects. An algorithm that acts
on a few pixels only but fits a simple shape rather than a miniature image
is required.

5.7

Conclusions

This chapter introduced and applied the “rotation variant template matching” (RTM) algorithm. Novelties in this algorithm are the use of rotation
variance in interpreting the spectral signal and the combination of expert
knowledge and spatial statistics to derive spatial and spectral information
from an image. The RTM algorithm has been applied to a synthetic image
for interpretation of the case-specific output, and has been used for the
detection of boundaries between mineral assemblages in a hydrothermal alteration system. The approach detected the boundaries as defined in the
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templates. The algorithm could additionally indicate the type of boundary
(crisp or fuzzy) as well as areas where both or only one of the endmembers
was present. The spatial information gained by rotation of the template is a
key factor for the interpretation of the detected boundaries between mineral
assemblages. An algorithm design with a rigid template, however, is not
likely to be enough versatile for application in natural seepage detection.
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Chapter 6

Detection of anomalous
halos∗
6.1

Introduction

This chapter presents an algorithm that scans an image for the presence of a
circular halo without any dependence on a user-defined spectral signature.
The purpose is to determine whether an anomalous halo can be detected
without any prior spectral information but only by using some degree of
expert knowledge. The algorithm is applied to simulated data based on
macroseepages in Upper Ojai Valley, California, and to an aerial photograph
that covers the spa Parádfürdő in Hungary.

6.2

Detection of a spectrally homogeneous circle

The first step in detecting a subtle anomalous halo is to make use of its
spatial pattern during the first stage of image processing. The process∗
Sections 6.2 to 6.4 of this chapter are based on the following publication: van der
Werff, H. M. A. & Lucieer, A. (2004). A contextual algorithm for detection of mineral
alterations halos with hyperspectral remote sensing, In: Remote sensing image analysis
- Including the spatial domain, de Jong, S. M. & van der Meer, F. D. (eds), Kluwer
Academic Publishers, Dordrecht, The Netherlands, pp. 201–210.
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Figure 6.1: A circular neighbourhood set with eight equally spaced pixels on a circle
of radius R. The homogeneity of this neighbourhood set is summarized in the centre
pixel as one value, consisting of the variance in spectral angles calculated between all
the pixels within the circular neighbourhood.

ing involves no comparison of the image spectra with any other reference
spectra that might aid in its identification. The purpose is only to indicate which pixels have a halo that is spectrally anomalous from the rest
of the image. The alteration halos are assumed to show a homogeneity of
spectral fingerprints that can be found in hydrocarbon seepages in a circle
or halo. This homogeneity can be measured by calculating, for each pixel,
the variance in spectral angle of the pixels in a circular neighbourhood set.
The spatial information of the neighbourhood set is summarized in a single
variance value assigned to the centre pixel of the circular neighbourhood
set. A relatively low value for variance indicates the presence of a spectrally
homogeneous neighbourhood set.
For every pixel in the image, the algorithm calculates the spectral angles
between a number of equally spaced pixels N which are on a circle with a
radius R from the centre pixel (figure 6.1). Both R and N depend on the
geological setting and on the spatial resolution of an image, and need to be
set by an expert.
For any centre pixel (xc , yc ), the coordinates of the pixels belonging to the
circular neighbourhood set are given by
{xc,i , yc,i } = {xc − R sin(
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N
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for i = {0, 1, . . . , N − 1} [53]. The spectral information of each pixel can be
described as a vector in feature space. The spectral angle S between the
vectors of all N pixels is calculated by
Si,j =

V~i • V~j
||V~i || ∗ ||V~j ||

(6.2)

where i and j are pixels in the same neighbourhood set [45]. The number of
spectral angles (SA) in a circular neighbourhood set with N pixels is given
by
SA =

N
X

(N − i)

(6.3)

i=1

The mean spectral angle of all N pixels in a neighbourhood set is given by
PN

Smean =

i=1

PN

j=i+1

Si,j

SA

(6.4)

Finally, the variance in spectral angles of this neighbourhood set is calculated by
PN PN
2
j=i+1 (Si,j − Smean )
i=1
(6.5)
Svar =
SA
N is set to 8 pixels at minimum to cover all neighbouring pixels in case a
circle covers only 3x3 pixels.

6.3

Seepage simulation by image models

The sensitivity of the proposed contextual algorithm to typical seepageinduced alterations is hard to determine on remotely sensed imagery due
to natural variability. In order to simplify this problem, the number of
variables that can be found in nature should be reduced by image simulation. Botanical anomalies can be simulated in a laboratory, as the effects
of the presence of soil gas on root systems of plants can already be seen in
one growth season [60]. Simulation of typical mineralogical anomalies in a
laboratory would take too much time and effort before any results would be
noticeable and measurable. As an alternative, the mineralogical simulation
could be limited to a digital simulation. This digital simulation has to be
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Figure 6.2: A simulated image cube showing the right half of a spatial-spectral model
of a hydrocarbon seepage. This model is a hybrid image that is based on field spectra
acquired at a hydrocarbon seepage in Upper Ojai Valley, California. The centre of
the seepage consists of a bare soil around a central vent, while the homogeneous
background consists of grassland.

done by means of a spatial-spectral image model that is based on descriptive geological models of hydrocarbon seepages as proposed by Schumacher
[70] and Saunders et al. [66].
An image model of a hydrocarbon seep consists of a homogeneous background spectrum, such as soil or vegetation, with an anomalous halo that
is created by mixing the background spectrum with spectra of alteration
products that are commonly found in seepages. The model can be made increasingly complex and realistic by, for example, decreasing the abundance
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Figure 6.3: The SWIR spectra of pure calcite taken from the JPL spectral library, a
soil measured in Upper Ojai Valley and a mixture of these two spectra. The mixture
is the anomalous spectrum and has been constructed by linear weighted mixing of 1%
calcite and 99% soil. The soil and anomalous spectrum in the dashed box of the left
are enlarged in the graph on the right. This figure shows that there is only a minimal
difference between the original soil spectrum and the anomalous spectrum.

of anomalous minerals, introducing a heterogeneous background and introducing pixel noise. The final step towards simulating real world situation
is to generate “hybrid” images that are made from field spectral measurements acquired along transects from the central vent to areas outside of the
halo.
Five images were simulated to evaluate the sensitivity of a contextual algorithm to typical seepage-induced alterations. The first image was a “hybrid”
image that had entirely been constructed from field spectral measurements
of a natural oil seep in Upper Ojai Valley, California (figure 6.2). The halo
that was observed in the field has a size of approximately 20 m in diameter, and consists of bare soil in a background of grassland. The transition
from bare soil to grassland is the dominant signal present in this image.
The spectral resolution of this image was set to match the AVIRIS imaging
spectrometer (see table A.3 on page 110). The spatial resolution was set to
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a pixel size of 1x1 m.
For the purpose of simulating mineralogical alterations, four images were
constructed by combining field spectral measurements and spectra from
the JPL spectral library [30]. The background of these images was a soil
spectrum that was acquired close to an anomalous halo of the oilseepage
in Upper Ojai Valley, California. A spectrum of pure calcite was linearly
mixed with the background soil spectrum to create an anomaly of 1% calcite enrichment in the shape of a halo (figure 6.3). The halo in these four
images has a radius at approximately 30 – 40 pixels distance from the central vent. Both the inner and outer edges of the halo were made fuzzy: the
1% calcite enrichment gradually disappears over a distance of 20 pixels. To
increase detection complexity, random noise with a maximum of 1% of a
pixel value was added to each pixel in these four images. This resulted in
an equal signal strength of random noise with the calcite anomaly that we
want to detect. The background soil spectrum had a heterogeneity ranging
in strength from 0%, 10%, 30% up to a maximum of 70% of the original
background values. Both pixel noise and background heterogeneity were
added multiplicatively, i.e. the stronger the spectral signal, the stronger
the noise. This was different from reality: the signal to noise ratio (SNR)
is usually low at the wavelengths where the solar energy is low (the UV
and SWIR) and where the atmosphere disturbs the reflected sunlight (e.g.
due to water absorption). For this experiment, the multiplicative adding
was desirable as this assures that the anomalous signal is truly hidden, also
in wavelengths that usually have a high SNR. Another simplification was
that the applied background patterns are equal in all bands, for all images.
In reality, the spectral signature of the background may vary throughout
different wavelengths. However, we assumed it to be constant for specific
wavelength regions such as VIS, NIR and SWIR. These images cover only
the SWIR region of the reflective spectrum, as in this part the absorption features of calcite are most pronounced. The spectral resolution of
these four images was set to match the AVIRIS imaging spectrometer (see
table A.3 on page 110).
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6.4

Application to simulated images

As the artificial images are constructed according to knowledge from the
field, the optimal radius of a circle that is to be detected is already known.
Consequently, the values used for the radius, R, and the number of pixels in
the neighbourhood set, N, are set to 10, 25 and 40 m and 8, 12 and 20 pixels,
respectively. In this example, the effect of choosing different values for R
mainly influences the number of centre pixels that have been identified as
having a halo; choosing a value higher than half the width of the halo would
result in no detection at all.
Figure 6.4 shows the results of applying the algorithm on the hybrid image
that was entirely made of field spectral measurements. The values of the
dark pixels in the centre are about a factor 8 lower than the values of
the bright neighbouring pixels. This clearly indicates the presence of a
spectrally homogeneous halo for the centre pixels. Figure 6.5 shows the
results of applying the algorithm to the simulated images that contain the
1% anomaly, 1% random pixel noise and different levels of background
heterogeneity. The output appeared to be very noisy, and the values of the
centre pixels (which have a halo) are in the same range as the values found
in the other pixels. The results for different values of R and N needed to
be accumulated and smoothed in a 3x3 pixels moving kernel to enhance the
output. Despite the noisy output, the algorithm is able to detect the halo
of 1% calcite enrichment in the simulated images.

6.5

Application to an aerial photograph

The algorithm is applied to a 400x400 pixel (270x270 m) subset of a colour
aerial photograph of the spa Parádfürdő (figure 6.6(d)). The centre of this
image is located at 5308333N, 429840E (UTM zone 34 N). The image covers a park surrounding a castle that consists of grass fields, trees, unpaved
roads, a stream and several microseepage-induced halos that mainly consist of bare soil (see paragraph 3.4 on page 31). Although this image has
a rather poor spectral coverage and resolution, the bare soil of the seepage induced halos are clearly visible. The image has a spatial resolution of
0.65 m, which is sufficient to make use of the spatial pattern of the several
meters wide seepage halos. The three radii (R) were set to 5, 10 and 15 pix75
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(a) R = 10, N = 8; 0 •••• 5100

(b) R = 25, N = 10; 0 •••• 13000

(c) R = 40, N = 20; 90 •••• 12000

(d) RGB of bands 57, 34 and 24

Figure 6.4: Spectrally homogeneous circles detected in a hybrid image. The effect of
different values for radius R and the number of pixels in the neighbourhood set N. The
images show pixels with a relatively (•) high variance (indicating that no spectrally
homogeneous halo could be detected), pixels with an (•)(•) intermediate variance
and pixels with a relatively (•) low variance (indicating the presence of a spectrally
homogeneous halo).
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(f) 10%

(e) 0%

(g) 30%

(c) 30%

(h) 70%

(d) 70%

Figure 6.5: Spectrally homogeneous circles detected in simulated images. The random pixel noise in the simulated images is
1% of the original pixel values at maximum. The background heterogeneity in the simulated images increases from (a) 0%,
(b) 10%, (c) 30% to (d) 70% variability from the original value. The figures show the (•) mean value and the (•) standard
deviation of the SWIR bands. In (e) to (h) is the resultant output of the algorithm. The variance ranges from (•) 0.45 (high)
via (•)(•)(•) to (•) 0.25 (low). A relatively low variance indicates the presence of a spectrally homogeneous halo. The images
show that the algorithm output is hardly affected by the increasing heterogeneity in the images. However, pixel noise does
hamper the algorithm output, which is of low quality for all the results (figures (e)–(h)).

(b) 10%

(a) 0%
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(a) R = 5, N = 8

(b) R = 10, N = 8

(c) R = 15, N = 10

(d) Aerial photograph

Figure 6.6: Spectrally homogeneous circles detected in an aerial photograph. The
variance ranges from (•) 54.000 (high) via (•)(•)(•) to (•) 40 (low). A relatively low
variance (dark tones) indicates the presence of a spectrally homogeneous halo. The
size of the image is 400x400 pixels and covers 270x270 m. Note that the figures 6.6(a)–
6.6(c) cover a smaller area than the original image in figure 6.6(d).
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els, respectively, based on geological knowledge on the average diameter of
seepage halos in Parádfürdő. The number of pixels in the neighbourhood
set (N ) was arbitrarily set to 8, 8 and 10 pixels.
The results of applying the algorithm on the aerial photograph are displayed
in figure 6.6. The two most Southerly seepage halos are correctly identified
as a spectrally homogeneous halo by any of the three radii. The effect
of choosing different radii is reflected in the results: many pixels of the
southern seepages have a halo of 5 pixels (figure 6.6(a)), while only a few
pixels have a halo of 15 pixels (figure 6.6(c)) and thus have a perfect match.
The results on the other seepage halos are not as promising, although the
algorithm does find homogeneous halos at these locations relative to the
rest of the image. Some other spots with bare soil and the roof tiles of the
castle and the house were also detected as spectrally homogeneous halos.

6.6

Discussion

The results for the hybrid imagery (figure 6.4) show that a seepage-induced
botanical anomaly can be detected by using the spatial domain of an image without matching it to a spectral endmember. The effect of choosing
different values for N has a strong impact on the pattern observed in the
output values. The value for N should not be set too low in order to avoid
artificial patterns from appearing: 8 neighbouring pixels for a radius of
10 pixels does hardly give any artificial patterns (figure 6.4(a); 10 neighbouring pixels for a radius of 25 pixels (figure 6.4(b)) and 20 neighbouring
pixels (figure 6.4(c)) for a radius of 40 pixels does result in the appearance
of artificial patterns.
The results for the simulated imagery (figure 6.5) show that the detection
of a subtle anomaly of 1 % signal strength in a heterogeneous background
is theoretically possible with this algorithm. As a result of pixel noise, the
output is noisy and considerable manipulation of the algorithm output was
needed to clearly visualize the results. It was not determined what the
actual detection limit is as it is merely a function of the natural setting
that makes up the background in an image.
The results for the aerial photograph (figure 6.6) show that this algorithm
is capable, purely on the spatial patterns, of detecting the anomalous halos
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resulting from seepages. Several other spectrally homogeneous circles such
as roof tiles and other spots with bare soil were however also detected.
Thus in order to discriminate between bare soil and e.g. roof tiles, matching
the image pixels to a single spectrum or spectrally derived product in the
algorithm would probably be sufficient.
Integrating a spectral matching procedure into the algorithm would not
only improve the detection of specific halos, but would also allow the use
of more degrees of freedom in the spatial pattern that is searched for. In
the presented algorithm, no spectral information is used at all. As a consequence, the spatial pattern has to be rigid as it is not possible to scan
an image for an unknown spectral signal with an unknown spatial pattern.
This algorithm performs well as long as a halo is complete, totally exposed
to the sensor and spectrally homogeneous. In nature, objects may of course
be partially covered or simply be absent. Chapter 7 hence introduces an
algorithm that fits combinations of simple shapes through pixels.

6.7

Conclusions

The algorithm presented in this chapter is capable of detecting circular,
spectrally anomalous, halos where purely spectral detection methods would
fail. In its present form, the algorithm is too simple to detect seepageinduced alteration halos: the shape of a halo needs to closely resemble a
circle and the halo needs to be complete and may not be partially covered e.g. by vegetation. Spectrally, false anomalies need to be avoided by
comparing the mean spectrum found at a specific radius to a reference spectrum. Spatially, the algorithm should be not be entirely dependent on a
rigid shape.
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Chapter 7

Detection of complex
patterns∗
7.1

Introduction

This chapter presents the Hough Transform at Two Resolutions (HoughTR)
algorithm for the detection of botanical anomalies resulting from natural
gas seepage. These anomalies do not have a unique spectral signal, but can
be separated from the background by their spatial pattern: alteration halos
(circular shapes) that are located on geological lineaments (lines).
The Hough transform [39] is a frequently used method for detecting shapes
in images. This technique fits a parametised shape through a point dataset
(for example, pixels in an image, as shown in figure 7.1) and combines the
parameters needed to describe the shape, its position and its orientation
with the number of pixels covered by this shape. The combinations of
shape parameters and resulting coverages are accumulated in a new array
(table 7.1). The design of such an accumulator array depends on the number
of parameters needed to describe the shape and its pose. For example, a
circle is described by its position (X,Y coordinates) and radius and would
∗

This chapter is based on the following paper: van der Werff, H. M. A., Bakker,
W. H., van der Meer, F D. & Siderius, W. (2005). Combining spectral signals and spatial
patterns using multiple Hough transforms: An application for detection of natural gas
seepages. Computers & Geosciences (in press).
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Figure 7.1: The Hough transform for detecting circles, as used in the HoughTR algorithm. Circles are fitted through every combination of three pixels. The dashed circles
will only be found once and get the value 1 in the accumulator array (table 7.1). The
bold circle will be found 4 times and thus get value 4. When all pixel combinations
have been evaluated, the circle parameters that give the highest coverage value in the
accumulator array describe the most likely position and radius of a circle.

Table 7.1: The accumulator array obtained with the circle Hough transform of the
HoughTR algorithm. Parameters X and Y give the location of the circle centre, parameter Radius is the
√circle radius. As shown in figure 7.1, the parameter combination
X=7, Y=5 and R=2 2 indicate the most likely position and radius of a circle.

X
7
7
6
8
5
9
7

Y
5
7
6
6
5
5
6

Radius
√
2 2
2.0
3.2
3.2
4.5
4.5
3.0

Npix
4
1
1
1
1
1
1

need a three-dimensional accumulator array, while an ellipse would need five
dimensions, as the ratio between the main axes and its orientation angle
has to be stored as well [52]. When all possible poses of a shape have been
evaluated, the highest values for pixel coverage in the accumulator array
indicate the parameters of the most likely shape.
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In its original form, the Hough transform was used for detection of objects with a simple, rigid shape in binary edge images [6; 8]. Ballard [6]
generalized the Hough transform for detection of arbitrary shapes and complex, composite patterns. Samal and Edwards [65] adapted the Generalized
Hough Transform for detection of more variable shapes, the Hough transform for Natural Shapes. Subsequently, the algorithm has successfully been
used in several variants for extraction of natural shapes, for instance in
medical imaging [21], computer vision [8] and geosciences [25]. Cooper and
Cowan [17] made an important adaptation for irregularly spaced datasets
and used this technique for detection of circular anomalies in an aeromagnetic dataset.
The HoughTR algorithm presented in this chapter is designed to handle
both the spectral and spatial variability commonly found with detection
of natural objects. The algorithm incorporates two Hough transforms to
accommodate the complex pattern of the seepage-induced anomalies. The
spectral and spatial characteristics of the anomalies are explained in the
next paragraph. The Hough transforms are applied in series; the results
of the first Hough transform for detecting circles are piped into the second
Hough transform used for detecting lines. The outcome of the algorithm is
evaluated using field observations and compared to a pixel-based spectral
classification.

7.2

Natural gas seepages in Parádfürdő, Hungary

The Mátra mountains in Northeast Hungary are the most active spot of
an overthrust at the convergent zone of the African and European plate
[81]. The locations of these mountains and the spa Parádfürdő is shown
in figure 2.6(b) on page 16. The Mátra mountains consist of a few meters
thick layer of Oligocene and Eocene clays and sands deposited on top of an
approximately 500 m thick layer of Eocene andesites and andesitic tuffs,
which in their turn overlay a Triassic limestone karst. From below the
andesite, carbon dioxide (CO2 ) and methane (CH4 ) migrate along faults
to the surface. At places where the clay layer is thin or missing, the gas
can escape into the atmosphere [81]. The upwelling gases are used for a
local industry of therapeutic treatments and natural-carbonized mineral
water. These seepages have been subject to research in the past decade as
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(a)

(b)

Figure 7.2: The anomalous halos resulting from the presence of gas seepages in the
village Parádfürdő. Figure (a) shows a halo of bare soil and stressed vegetation that
forms around several vents due to the presence of CO2 and CH4 in the soil. The
diameter of this halo is approximately 16 m. The field of view of this photo is indicated
with yellow lines in the aerial photo in figure (b). This subset of the aerial photo is
270x270 m, the centre is located at 5308333N, 429840E (UTM zone 34N). Seepage
locations that have been observed in the field are indicated in this photo by red circles.

the upwelling CO2 is thought to cause a high radon activity in this area
[81]. In the village of Mátraderecske, the surfacing natural gas was found
to consist of 92.72 % CO2 and 7.28 % CH4 [57]. Tóth and Boros [81] also
report the presence of hydrogen sulphide (H2 S) in the mineral water of the
spa Parád.
In Parádfürdő, the seepage-induced alterations were observed to be halos ranging between 5 m and 14 m wide around central vents, as shown
in figure 7.2(a). The surface of these halos is characterized by decreased
vegetation height and density which declines, eventually turning into bare
soil. The soil inside the halos has 1 mm to 2 mm size rust mottles and
decayed organic matter. The halos in the Northwest are, additionally, partially covered by a bright, orange coloured mud due to contamination with
iron oxides that migrate upwards with the liquids and gases. The parent
material of the soils is unknown as these soils are not in-situ but brought
into the park. The sandy component, however, is likely to be derived from
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sandstone, while the clayey component may be derived from volcanic material [74]. The spectral fingerprint that results from these botanical and
mineralogical anomalies can be recognized by optical remote sensing. However, as these fingerprints are not unique for gas seepages, a pixel-based
spectral classification tends to produce many false anomalies.
The spatial pattern observed at a scale of several hundred meters can be
seen in the aerial photo in figure 7.2(b). The vents and the resulting halos
tend to line up along geological structures in the shallow subsurface such as
local faults which act as a migration path for the gases [81; 9]. Combining
this spatial pattern with the spectral fingerprints does result in a unique
signature for the seepage-induced alterations, which should enable detection
by optical remote sensing.

7.3

The HoughTR algorithm

The HoughTR algorithm is designed to find a spectral signal that occurs
in a seepage-specific spatial pattern: circles (halos) on a line (fault), and is
deployed in three phases. In phase A, a standard spectral classification is
carried out to find the pixels that potentially could belong to the object.
In phase B, circles with a diameter between a pre-defined minimum and
maximum value are fitted through the spectrally matching pixels. Next,
the detected circles are sorted by the number of pixels covered, the spatial
fit (ratio between the actual diameter and the pre-defined optimal diameter)
and the mean spectral fit of the covered pixels. In phase C, lines are fitted
through the array of circle centres and sorted by the number of covered
circle centres. The highest values in the final accumulator array indicate
circle centres that are found to be located on a line. Each of these steps is
explained in detail in the following paragraphs.
A pixel-based spectral classification is used to select a few hundred pixels as
input for the Hough transforms. The selection of pixels is needed to reduce
calculation time as fitting circles or lines through pixels is a typical bruteforce approach and needs considerable computing power. The pixels that
are to be selected for the Hough transforms should have an optimal spectral
match with a reference endmember that has, for example, been acquired
from the field or from literature. After the classification, the classified
pixels are sorted according to their spectral fit and displayed to the user.
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Figure 7.3: The fitting of circles and lines through a point data set by the HoughTR
algorithm: (a) a circle is fitted through three pixels. From these pixels, the circle
centre M and the circle radius are calculated. When the radius is in between user-defined extremes, the circle is added to the accumulator array; (b) lines are calculated
by defining a line (bold) through reference points A and B. Candidate point C
is evaluated by calculating a new line through reference point A and the candidate
point. When the slope of both lines is equal, the candidate point is added to the line.

The number of input pixels for the Circle Hough transform (phase B) is
selected by visual inspection of the trend in spectral match values. More
details on the spectral classification are in section 7.4.
The circle Hough transform calculates circle centres for every combination
of three pixels out of the input pixels. The traditional Hough transform
fits circles with a rigid diameter through a cloud of input pixels. This
approach, however, would not be suitable in case there are small dislocations
of the input pixels due to natural variability. To accommodate such spatial
variability, the HoughTR algorithm calculates the circle centres and radii
directly from the input pixels, as shown in figure 7.3(a). Instead of setting
a rigid circle radius, the HoughTR approach requires a minimum (Rmin )
and maximum (Rmax ) circle radius to be set, based on knowledge of an
object from the field or from literature.
In the traditional Hough transform, the most likely pose of a shape is found
in an accumulator array by the highest number of covered (binary) pixels.
This measure, F Cpix is set to the number of input pixels that fall within the
circle. However, as the HoughTR algorithm has to be able to detect objects
that are variable in spectral and spatial characteristics, two measures are
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calculated additionally to F Cpix . The first additional measure is the spatial
fit, F Cspat , which is calculated for every circle as the difference between the
measured circle radius R and an optimal radius determined by parameters
Rmin and Rmax :
Rmax + Rmin
F Cspat =
(7.1)
−R
2
The second additional measure is the spectral fit of the circle, F Cspec , is
defined by the mean spectral fit of the three pixels (calculated in phase A)
that define the circle.
The calculated measures are stored in an accumulator array which is designed as: {X,Y ,{F Cpix ,F Cspec ,F Cspat }}. In order to reduce the number
of dimensions of the accumulator array, radius R is omitted as it can be
replaced by measure F Cspat . In case a circle is found multiple times at location (X, Y ), the best values of F Cpix , F Cspec and F Cspat at that coordinate
are stored in the accumulator array. After all possible combinations of pixels have been evaluated, the accumulated values for F Cspat and F Cspec are
inverted to get a high value for an optimal match and a low value for a
marginal match. Finally, the accumulator array is cleaned of overlapping
circles by an optimizing process that repeatedly selects the best fitting
point and deletes remaining points that fall within a 2 ∗ Rmax range until
all points are processed or deleted from the array. The output of phase B
is the accumulator array, which is an image with the detected circle centres
for F Cspat , F Cspec and F Cpix in separate layers.
The Line Hough transform fits lines through each band with circle centres
that have been detected in the circle Hough transform. First, lines are
calculated through each pair of circle centres (reference points), starting
with the points that have the highest values for F Cpix , F Cspec or F Cspat .
A candidate point for a line is evaluated by calculating a new line from the
first reference point, which has the highest value, to the candidate point, as
shown in figure 7.3(b). In case an equal angle is found, the candidate point
is added to the line. When all candidate points have been evaluated, the
parameters of the line and its fit are stored into a temporary accumulator
array which is designed as {X,Y ,A,{F Lpix ,F Lspec ,F Lspat }}. In this array,
parameters (X, Y ) give the position of the first reference point on the line
and parameter A is the angle of the line. The bin sizes of the accumulator
array can be set as a constraint for the detection of lines. An increase of
the bin sizes allows spatial flexibility. If for example A is set to π/16, a
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valid candidate point can be up to π/16 radians out of line. Measured in
pixels, candidate points nearby the reference point can be less out of line
than remotely located candidate points. Another consequence is that a
line through reference point X, Y should at least have a π/16 difference in
orientation if not to be marked as a duplicate.
The fourth parameter of the temporary accumulator array is the fit of the
line, V L:
PP
p=0 V C(count,spec,spat)
V L(count,spec,spat) =
(7.2)
P
where P is the number of circle centres on a line and V C(spec,spat,count) is
the value of pixel p for parameters F Cpix , F Cspec and F Cspat , which was
calculated in phase B. When all possible lines have been evaluated, the
values for F L are summed at each circle centre:
F L(count,spec,spat) =

N
X

V L(count,spec,spat)

(7.3)

n=0

where N is the number of lines that run through the circle centre.
An advantage of this approach over the standard procedure is that only
truly existing lines are evaluated for their coverage of input points, while
the probing of numerous lines that may not exist can be avoided. Another
advantage is that the bin sizes are the only parameters that need to be
set. Unlike setting the number of possible line orientations that need to
be probed in the standard linear Hough transform, the bin sizes can be set
according to knowledge on the underlying (geological) structure.
The output of phase C is added to the accumulator array that was created as
output during phase B. After a rescale of this persistent accumulator array
to get equal ranges for the three parameters F Lpix , F Lspec and F Lspat ,
an unweighed mean fit is calculated to incorporate all spectral and spatial
features into one output image.

7.4

Application to a colour aerial photo

The HoughTR algorithm was applied to a 400x400 pixel subset of a colour
(RGB) aerial photo that covers a park in the spa Parádfürdő. This park,
shown in figure 7.2(b), consists of grass fields, trees and some unpaved
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roads around a castle. The image has a spatial resolution of 0.65 m, which
is sufficient to detect and use the spatial pattern of the seepages.
Although this image has a poor spectral coverage (visible wavelengths only)
and resolution (not separate spectral bands but colour film), the bare soil
and reddish colouring of the seepage induced halos are clearly visible. The
spectral endmember for the pre-classification was derived from 16 soil samples taken within the halo shown in figure 7.2(a). The samples were acquired
at 0 cm to 10 cm depth and were measured in the laboratory with a field
spectrometer. The mean reflectance spectrum was transformed to an xyY
colourspace coordinate using the CIE colour matching functions of 1964,
after which an approximation of the RGB values could be made [14]. The
calculation of the xyY colourspace coordinates from reflectance spectra and
the approximation of an RGB value from these xyY colour coordinates is
given in appendix C.
A direct comparison between the endmember and image RGB values cannot
be made: The albedo of the wet soil samples (xyY parameter Y) is relatively
low, while the image pixels with bare soil are relatively bright due to the
presence of many dark pixels with trees or shade. The albedo was increased
by visual inspection with a factor 5 to let the endmember RGB value fall
within the range of the image RGB values found in the respective halo.
The minimum distance to class means (MDC) was used for the spectral
classification (phase A), as the RGB endmember contains information on
colour and albedo. The spatial constraints that need to be set for phase B
and C were, like the spectral endmember, derived from field observations.
For the circle Hough transform, the observed 6 m to 14 m wide halos and
the 0.65 m pixel size of the image require Rmin to be 0 and Rmax to be
11 pixels. The bin sizes for the line Hough transform were set to π/16 for
angle A, while the minimum distance between different halos was set to the
maximum width of the halos, Rmax .
The algorithm was applied three times, each time using a different number
of input pixels: 100, 200 and 300 of the best fitting pixels. The final
outcome of the HoughTR algorithm will be shown for all three subsets, the
intermediate results will be shown for the subset of 200 input pixels.
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Results and discussion

Conversion from laboratory reflectance spectra to RGB values was needed
to get an accurate spectral endmember. The MDC classification shows that
the converted spectra result in a high match for the seepage locations that
have been observed in the field, as shown in figures 7.4(a) and 7.4(b). Figure 7.4(c) shows the euclidean distance between 500 optimal fitting pixels
and the RGB endmember. As this curve is rather smooth, it is difficult
to determine an objective threshold for the number of input pixels. Figure 7.4(d) shows the location of the 200 optimal fitting pixels used as input
for the circle and line Hough transform. Signs of spectral confusion are
visible at the roof tiles of the castle. As a result of the non-unique spectral
signature of seepage anomalies, false anomalies were found to occur at other
locations with bare soil, e.g. at crossings of unpaved roads.
The spatially unconstrained results of the circle Hough transform, shown
in figures 7.5(a) to 7.5(c), indicate circle centres at the known seepage
locations for all three measures. Only the optimization by F Cspat has
extreme values at the seepage locations, as it uses the pre-set spatial criteria
(equation 7.1). Both F Cpix and F Cspec do not use the spatial constraints
in the calculation. As a result, these measures get their maximum values
at the centre of the input pixel cloud, which roughly coincides with the
centre of the image. Figure 7.5(d)–(f) shows the results of constraining
the detected circle radii between Rmin (0 pixels) and Rmax (11 pixels).
The locations of circle centres of all three measures coincide with the areas
where the input pixel cloud has a higher density.
Figures 7.5 to 7.7 all show that sorting an accumulator array by number
of pixels, the spectral fit or spatial fit results in different outcomes. The
images for F Cpix and F Cspat (in figures 7.6(a) and 7.6(c), respectively)
show that the circle Hough transform has correctly identified the seepage
locations in the Northwest and in the Southeast. Optimization by F Cspec
in figure 7.6(b) favours the seepages in the Southeast, and shows spectral
confusion with the roof tiles of the castle. The images obtained with the
combined circle-line Hough transform in figure 7.7 show that the detection
improves considerably by piping the results of the circle Hough transform
(phase B) into the line Hough transform (phase C). All three measures correctly identify the seepage locations while the number and severity of false
anomalies decreases. The identification, however, of the seepages in the
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Figure 7.4: The result of the MDC classification (phase A): (a) shows the grey-level
image which linearly ranges from 1 (white; high fit) to 208 (black; low fit); (b) show
the seepage locations observed in the field (see also figure 7.2); (c) shows the curve
for the spectral fit that is used for selecting the input pixels; and (d) is a binary image
that shows the locations of the 200 optimal fitting pixels in the 400x400 pixel image.
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(a) covered pixels

(b) spectral fit

(c) spatial fit

(d) covered pixels

(e) spectral fit

(f) spatial fit

Figure 7.5: Intermediate results of the circle Hough transform (phase B), obtained
using 200 pixels that optimally match the endmember spectrum. The images show
the values and location of all circle centres detected by the algorithm. The results in
(a) to (c) are spatially unconstrained, the results in (d) to (f) are constrained between
Rmax and Rmin . (a) and (d) are obtained using the number of pixels within a circle,
(b) and (e) show the spectral fit and (c) and (f) show the spatial fit. The values range
from 1 (high fit, in black) to 0 (low fit, in white).

Southeast by number of covered pixels (F Lpix ) is rather weak (grey tones
in figure 7.7(a)), as is the identification of seepages in the Northwest when
optimizing by spectral fit (F Lspec ) (figure 7.7(b)). The differences between
the optimizations can be explained by the choice of the spectral endmember and circle diameter, which is dependent on Rmin and Rmax . The soil
samples used for acquiring the spectral endmember have been collected at
the Southeast seepages. These seepages consist mainly of bare soil, while
the Northwest seepages are partially covered by an orange coloured mud.
As a result, the seepages in the Southeast are favoured by the spectral op92
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(a) covered pixels

(b) spectral fit

(c) spatial fit

Figure 7.6: The output of the circle Hough transform (phase B) of the HoughTR
algorithm, obtained using 200 pixels that optimally match the endmember spectrum.
From left to right, the images are ordered by number of pixels within a circle (F Cpix ),
spectral fit (F Cspec ) and spatial fit (F Cspat ). The values range from 1 (high fit, in
black) to 0 (low fit, in white).

(a) covered pixels

(b) spectral fit

(c) spatial fit

Figure 7.7: Intermediate results of phase C of the HoughTR algorithm, obtained using
200 pixels that optimally match the endmember spectrum. From left to right, the
images are ordered by number of pixels within a circle (F Lpix ), spectral fit (F Lspec )
and spatial fit (F Lspat ). The values range from 1 (high fit, in black) to 0 (low fit, in
white).
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(a) 100 input pixels

(b) 200 input pixels

(c) 300 input pixels

Figure 7.8: The output of the HoughTR algorithm, obtained using (a) 100, (b) 200
and (c) 300 input pixels. The values range from 1 (high fit, in black) to 0 (low fit, in
white).

timization. The seepages in the Southeast additionally consist of several
vents that are just a few meters apart. The halos of these vents overlap and
form together a halo that is wider than the general width of 6 – 14 m. As
a result, the southeast seepages have a lower score when using the spatial
optimization.
The spectral and spatial variability between the seepages can be addressed
by combining the three measures into a mean fit. The results of using the
mean fit of F Lpix , F Lspec and F Lspat for different quantities of input pixels
(figures 7.8 and table 7.2) are positive. This figure and table show that the
location of the optimal circle centres does not significantly change with a
changing number of input pixels. Although the number of detected circles
and the number of false anomalies (indicated by an increased range value)
do increase, these false anomalies are relatively weak. It is likely that a
further increase of the number of input pixels eventually would oversaturate
the algorithm and result in an increase of false anomalies. This, however,
is a general drawback of a Hough transform for spatially irregular datasets,
and could be dealt with by defining additional spatial constraints or by
using an image with a higher spectral resolution.
The Hough transform is clearly a more computer intensive algorithm than a
pixel-based classifier. The calculation time needed on a Pentium IV CPU at
3.0 Ghz was 11.9 s for 100 input pixels. Calculation time increased rapidly
to 33.1 s, 87.2 s and 182.9 s for 200, 300 and 400 input pixels, respectively.
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Table 7.2: A comparison of the pixel-based MDC classifier and the HoughTR algorithm.
The first column (Range) is the distance between image pixels in pixels, found by either
algorithm and the closest seepage location. The second column shows the mean fit
of the pixel-based classification. Columns 3 – 6 show the mean HoughTR probability
for different number of input pixels (100 – 400). To allow a comparison between the
results, the output values are relatively scaled between 0 and 1 DN for low and high
fit, respectively.

Range
(pixels)
0
10
20
30
40
50
60
70
80
90
100
110
120
130
140
150
160

ED
(scaled)
0.75
0.71
0.77
0.83
0.77
0.46
0.86
0.76
0.79
0.60
0.90
0.91
0.00
0.75
0.00
0.68
0.85

100
0.80
0.42
0.27
0.00
0.00
0.00
0.00
0.09
0.05
0.21
0.18
0.00
0.00
0.00
0.00
0.00
0.00

HoughTR
200 300 400
0.51 0.53 0.53
0.23 0.15 0.34
0.67 0.52 0.45
0.34 0.26 0.29
0.00 0.00 0.53
0.00 0.00 0.31
0.26 0.36 0.32
0.15 0.20 0.33
0.16 0.14 0.20
0.09 0.07 0.23
0.08 0.05 0.07
0.08 0.03 0.03
0.00 0.00 0.00
0.00 0.06 0.17
0.00 0.08 0.17
0.00 0.00 0.00
0.00 0.00 0.00

500
0.46
0.31
0.29
0.25
0.46
0.48
0.52
0.34
0.28
0.27
0.04
0.03
0.29
0.28
0.00
0.00
0.00

The comparison between the MDC classifier and the HoughTR algorithm in
table 7.2 shows that the HoughTR algorithm is able to decrease the number
and severity of false anomalies. Also the number of matching pixels found
at close range to the seepage locations is remarkably higher when using
the HoughTR algorithm. Additionally, table 7.2 shows the sensitivity of
the algorithm to changes in the number of input pixels. The number of
pixels found at close range of the observed seepages remains fairly constant,
taking into account that the total number of matching pixels increases with
an increasing number of input pixels. Although the number of matching
pixels found at long range does increase, their HoughTR value remains low.
This indicates that the algorithm is sufficiently insensitive for the variations
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in number of input pixels as used in this study.
The result of applying the HoughTR algorithm for detection of an object
with a non-unique spectral signature is very promising, considering the
fact that this image has a poor spectral coverage and resolution. The use
of imagery with a high spectral resolution would allow the use of a more
accurate description of the spectral signal of seepages. While the applied
RGB image needs an RGB endmember derived from field spectra, high
spectral resolution imagery can be applied using pre-defined indicators for
vegetation stress, vegetation density and specific mineralogical changes. In
this way, object detection with remote sensing would mainly require expert-knowledge of an object instead of prior knowledge from the field.

7.6

Conclusions

This chapter introduced and applied the “Hough Transform at Two Resolutions” (HoughTR) algorithm for detection of objects that do not have
a unique spectral signature. The novelty of this algorithm is the incorporation of two serialized Hough transforms for addressing a complex spatial
pattern. The HoughTR algorithm has been applied for the detection of
alterations resulting from natural seepage of carbon dioxide and light hydrocarbons such as methane. These alterations, which can be seen as circles
(halos) that are located on a line (faults), do not have a unique spectral signature. As a result, the outcome of a pixel-based spectral classifier showed
many false anomalies. When using the specific spatial pattern of these alterations in the HoughTR algorithm, the spectral signal of the seepages could
be distinguished from objects or pixels with a similar spectral signature.
Optimizing the accumulator arrays in the two Hough transforms by number of covered image pixels, spectral fit or spatial fit resulted in a clearly
different outcome. These differences can be explained by the natural spectral and spatial variation that can be found between the halos. Combining
the results of the three optimization methods in a mean fit results in an
accurate measure for seepage probability. Furthermore, the outcome of the
HoughTR algorithm is sufficiently stable for different quantities of input
pixels.
An important benefit of a contextual algorithm like the HoughTR algorithm
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is that the required parameters, such as the spectral endmember and the
spatial constraints, can be determined by expert-knowledge from the field
or from literature. This makes the algorithm case-specific which allows its
application to other areas and datasets.
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Chapter 8

Synthesis
8.1

Introduction

This chapter summarizes the main achievements and results of chapters 2
to 7 and discusses these results with respect to the research questions and
objectives. The aim of this thesis was to develop new image analysis methods for the detection and identification of complex objects by implementing
expert knowledge in contextual algorithms. The use of these methods over
purely statistical approaches is preferred because such statistical methods
are often limited in their applicability to other areas and other conditions.
The specific research objectives of this thesis were:
• to characterize the alterations found in the seepages observed in this
research and to evaluate the applicability of these alterations for detection by remote sensing (section 8.2),
• to develop several algorithms that can recognize an object with a subtle and non-unique subtle spectral fingerprint against a heterogeneous
background by using its known spatial pattern (section 8.3),
• to evaluate the usefulness of knowledge-based image processing for
the detection of natural onshore hydrocarbon seepages (section 8.4).
Each of the following sections discusses the achievements obtained for one of
the objectives. The final section gives recommendations on future research.
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8.2

Spectroscopy and natural hydrocarbon seepages

Chapter 2 introduced the phenomenon natural hydrocarbon seepages and
showed the present state of remote sensing of these phenomena. Hydrocarbons can theoretically directly be detected by optical remote sensing. Two
classifications carried out on an oilseepage showed that no discrimination
between seepage vents and other bituminous or dark surfaces can be made.
However, fieldwork showed that seepage vents can be recognized by the
presence of an anomalous halo resulting from escaping gases, which would
allow an indirect detection of seepages. Possible anomalies can theoretically
be found in mineralogy and in botany [70].
Chapter 3 showed that no indicative mineralogical alteration could be found
in the seepages that were analysed. It is not fully understood why the mineralogical alterations are not more evident, although several possible causes
can be mentioned. First, one or two decades may be too short a time for the
formation of mineralogical anomalies. Citizens of Ojai (California) reported
that the seepages had suddenly come to exist after an earthquake in the
1980s. The Hungarian seepages came up after mining and pumping activities had ceased two decades ago [pers. comm. Dr. Tibor Zelenka, MÁFI].
A second cause could be that the soils in both areas are not natural soils.
The seepages in California lay on a major Holocenic slump and, more of
recent influence, are located in a orchard. The soil in Hungary is brought
up for the creation of a park around a castle. It may well be possible that
both soils are relatively disturbed and too heterogeneous to allow a subtle
anomaly to be detected. A third cause may be the variability of seepage
activity in time and space. The seepages in Hungary have been visited in
three successive years and seepage activity and location of the most active
vents appeared to change considerably. The seepages in California have
only been visited once, but the escaped oil visible in various imagery also
indicates a considerable change in activity throughout the years. It may be
concluded that understanding the complex interaction between seepage activity and soil forming processes needs at least a thorough geomorphological
study of an area.
In chapter 3, the botanical and mineralogical alterations in and around
seepages were investigated. It was concluded that only the botanical alterations were sufficiently evident to be used in a contextual algorithm.
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Spectroscopy might play a role when studying changes in plant physiology
or abundance in relation to the presence of hydrocarbons. This is, however,
beyond the scope of this research. A change in vegetation density can be
measured by using broadband sensors or by (digital) aerial photography.
Although a spatial resolution of only a few meters is nowadays normal for
hyperspectral scanners (see appendix A), it is not sufficient when anomalous halos of 8 – 20 m in diameter are to be detected by an algorithm that
uses the spatial domain. The use of an image with a broadband spectral
resolution and a high spatial resolution (approx. 1 m) is hence preferred
over the use of a hyperspectral image with a coarser spatial resolution (5 –
20 m).
Unfortunately, the anomalies that result from seeping gases are not unique
for seepages [70]. The results in section 2.3 show that these anomalies cannot be reliably detected by a pixel-based algorithm applied to an optical
remotely sensed image. It was concluded that macroseepage vents could
only be distinguished from other bituminous surfaces by the presence of an
anomalous halo resulting from seeping gases. When, however, the spectral
signature was combined with the spatial patterns of seepages, the resulting fingerprint is unique. The detection of seepage-induced anomalies and
distinction from other objects by optical remote sensing needs an image
processing technique that incorporates the spatial pattern of seepages.

8.3

Development of contextual algorithms

This research initially started off as a application of remote sensing for
natural hydrocarbon seepages. The work of Yang [88] and the preliminary
results of this research in chapters 2 and 3 indicated that the highly variable
nature of seepages and seepage-related alterations put this application to
problems that could not be solved by solely using the existing image processing methods. Hence, the emphasis of research into seepage detection
in remotely sensed images had to be oriented towards the development of
knowledge-based algorithms that theoretically would allow the detection of
seepage-induced halos. It may be clear that the presented algorithms and,
especially, the approach of contextual image processing in general are applicable to a wide range of remote sensing applications. The core of this thesis
is about the development of knowledge-based image processing algorithms.
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Four algorithms have been designed, each using a different technique to
give a measure for qualitative reasoning (chapter 1).
Chapter 4 introduced a generic algorithm that measures the shape of image
objects acquired in a region-growing segmentation. The algorithm was used
to differentiate between morphologically different but spectrally identical
water bodies. The algorithm was successful in distinguishing the different
morphological classes with a score of 76% when intra-morphological classes
had been defined, rising to 98% when there was no class overlap in morphological description. Quantitative measurements of shape (chapter 4)
are probably the most elegant method of using an objects’ shape. The
obtained values for compactness, roundness and convexity are well defined
and, most important, absolute. This feature differentiates the presented algorithm most from the research done by Silva and Bigg [75], who identified
icebergs by shape using arbitrary measures. It may, however, be clear that
the use of shape measures can only become successful to a larger group of
users when the output is standardized. Applications for the present algorithm could be the recognition and tracking of icebergs and clouds and, in
general, the recognition of non-deformable human-made objects.
Chapter 5 introduced a rotation-variant template matching (RTM) algorithm to detect complex objects. The algorithm statistically matched a
user-designed template image to a remotely sensed image by moving and rotating the template over the image. The algorithm was successfully applied
for detection of user-defined mineralogical boundaries of a hydrothermal
alteration system in an airborne hyperspectral image. The RTM output
is visually compared to a profile obtained from field spectra and a pixelbased classification. As this algorithm extracts new information from an
image, a statistical number of its performance in addition to a visual inspection is difficult to determine. The template design allows to match
an entire spatial-spectral model of a complex object to a remotely sensed
image. This feature is a drawback at the same time, as a template is very
rigid and cannot adjust to e.g. a partially covered object. Except for the
HoughTR algorithm (chapter 7), all algorithms suffer from this drawback.
All the boundaries defined in the mineralogical profile could, according to
visual inspection, correctly be identified by the RTM algorithm. The RTM
algorithm is, despite its simple nature, unique: more common is the use of
(rotation-variant) template matching in high resolution greyscale imagery.
The technique of the RTM algorithm can be compared to a moving and
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re-classifying kernel [7; 76]. The pre-classification required by such a kernel can, however, be skipped in the RTM algorithm. The main difference
between these techniques is that a reclassifying kernel aims to improve an
image classification, while the RTM algorithm only aims for object detection. It must be concluded that, apart from its output, also the presented
technique is unique and thus difficult to compare to other data sources or
image-derived products. The value of the RTM approach should be newly
determined in other applications.
Chapter 6 introduced an algorithm that aimed to detect an object having
a weak, non-unique spectral signal and a known spatial pattern. The algorithm was applied to a colour aerial photograph with some microseepageinduced halos. The results showed that the seepage-induced halos were
detected when setting the radii that were to be scanned to the average
radii of seepage-induced halos. However, a large number of false anomalies
indicated that the use of a spectral signal indicative of a seepage-induced
halo (e.g. the spectrum or colour of bare soil) would be useful. As concluded in the same chapter, an extra benefit of using a spectral endmember
would be more degrees of freedom in the fitting of the spatial pattern. These
conclusions led to the development of the HoughTR algorithm presented in
chapter 7. This algorithm was based on Hough transforms and was capable
of detecting an object with a complex but incomplete spatial pattern. The
algorithm was designed for the detection of circles of which the centres are
located on a line, an analogue for the spatial pattern of seepages. It may be
clear, however, that any spatial pattern that can be expressed as a simple
geometric shape can be used in this approach. The algorithm was applied
to a colour aerial photograph that covers some microseepage-induced halos.
The results show that sorting the accumulator array by number of covered
pixels, spectral fit or spatial fit results in a considerably different output.
As most seepage-induced halos in this image have variations in both diameter and spectral signal, the different sorting of the accumulator array can
be used to overcome minor variability. The results of this algorithm show,
compared to the results of a pixel-based classification, that the number of
false anomalies can be considerably reduced and allow a correct detection
of seepage-induced anomalous halos.
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8.4

Contextual algorithms and natural hydrocarbon seepages

All the algorithms presented in this thesis are in theory suitable for the
detection of a circular anomalous halo as found in natural seepage of gases.
In practice, however, some of the algorithms have limitations. A drawback
of the shape-based classifier in chapter 4 is the high amount of pixels (over
200) this technique requires in order to obtain an accurate measure. It
is, however, the sensitivity to a partial exposure of an object that makes
this algorithm unsuitable for many natural terrains. The circle detection
algorithm in chapter 6 requires a slightly lower spatial resolution (approximately 1 m). This makes this algorithm interesting for detection of seepage
anomalies using imagery of broadband sensors with a high (panchromatic)
spatial resolution. This algorithm is, however, equally sensitive to partially
exposed objects as the algorithm of chapter 4. The RTM algorithm (chapter 5) also suffers from sensitivity to partially exposed objects, although the
required spatial resolution allows the algorithm to be applied using imagery
of the hyperspectral sensors mentioned in appendix A.
The HoughTR algorithm (chapter 7) is capable of detecting partially covered objects. This algorithm requires the high spatial resolution of an aerial
photograph or a broadband sensor with a high (panchromatic) spatial resolution. This algorithm is successful in detection of seepage-induced halos
and is a major improvement over traditional classification algorithms. Its
application does, however, need some consideration. The required spatial
resolution has the consequence that only a relatively small area can be covered with this technique. This brute-force algorithm can in its present form
only handle a limited number of input pixels. Improvements could be made
to the algorithm by more effective programming of the Hough transforms.
Also the use of faster computers in the future may help to increase the algorithm’s performance and increase its capacity for a larger number of input
pixels. Nevertheless, this method is not likely to be suitable for a large area
(regional) mapping without limiting some degrees of freedom. Limiting the
degrees of freedom can be done by adding more spatial knowledge. Mapping of hydrocarbon-induced alteration resulting from a leaking pipeline,
for example, would need less degrees of freedom as the halos are not bound
to geological structures but to a pipeline with a known location. Likewise,
faults in the subsurface could be detected by optical remote sensing and
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geophysical techniques and added as a contextual layer to the image.

8.5

Prior information and new knowledge

An often applied and valid use of remote sensing is the extrapolation of
point measurements to measurements that are continuous in space. When
a spectral signal can, however, not be related to physical properties of an
object but only statistically linked, this approach may be of limited value.
“Upscaling” of a statistical relation between a laboratory or field spectrum
and an object to the scale of observation found in a remotely sensed image
is, as a result of (spatial) mixing of spectral signals and the influence of
the atmosphere, problematic. In such a case, a “successful” classification
has to be supervised or even biased towards a specific outcome. It may be
obvious that such classification results cannot be satisfactory or, at best,
only a confirmation of existing knowledge. Not only does this approach fail
to provide new information, it is also harmful for the reputation of remote
sensing as detection and eventually monitoring tool in general.
The algorithms in this thesis aim at minimizing the use of statistical relationships between field measurements and remotely sensed images. The
idea is to make image processing mainly dependent on generic statistical
relations between object and image and not restricted to e.g. a specific area
or other limiting conditions. From the seepages studied in this research,
the circular shape and bare soil are very obvious and are considered to be
general characteristics. The reddish colouring of the Hungarian soil due to
rust mottles is restricted to a few of the seepages in Parádfürdő and cannot
be seen as a general seepage characteristic. It is open to discussion, however, which knowledge of an object is considered to be generic and which
information is not.
In chapter 5, the mineralogical sequence that is expected to be present in
the image is considered to be a piece of generic knowledge for a geologist
who studies epithermal alteration systems. The spectra that are used for
creating the templates are taken from a generic spectral library, although
image derived spectra may provide better classification results. The output
of the RTM algorithm in chapter 5 is, however, relatively insensitive for the
absolute fit of the template spectra. The algorithm calculates the mutual
spectral fit of all template spectra and gives a relative fit of a template. The
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boundary detection done in the Rodalquilar area can hence be repeated
in other areas with (geologically) similar epithermal alterations systems,
independent of the available dataset.
The HoughTR algorithm in chapter 7 has spatially many degrees of freedom. Consequently, a constraint in the spectral domain was needed. The
spectral endmember applied in chapter 7 was determined in the laboratory
and “upscaled” to the image. In this “upscaling”, the spatial mixing with
organic matter and a few remaining grass areas was simply ignored. The
effect of the atmosphere was also ignored as the spectral resolution and
coverage were already low and not likely to be influenced to a large degree.
The circle detection algorithm in chapter 6 is completely independent of
compositional knowledge of an object. The spatial settings (radii) required
by this algorithm can, on the other hand, only be based on expert knowledge. Once the diameter of a circle that should be detected is known, this
algorithm is only dependent on spatial image resolution, which is usually
known. Hence, this algorithm is scene-generic. This algorithm is most
likely to provide new information on an object in an image. In the case of
hydrocarbon seepages, it can often not be predicted which spectral anomaly
is likely to be present due to the role of natural variability. An algorithm
that detects a circular halo can point towards points of interest in the image. A visual inspection of the spectral information in and around such
a newly detected halo may provide information on the composition of a
halo and the relation between a halo and its surroundings. A pixel-based
classification using spectra obtained in the field may reveal new locations
of similar seepages. As a contrast, inspection of sites that are indicated by
a detection algorithm provide new knowledge on the studied object and as
such contribute to Earth sciences.

8.6

Future work

The results of the presented case studies show that the four newly developed algorithms were successfully applied. The presented work is, however,
only a small touch of the possibilities offered by knowledge-based detection
algorithms in this thesis but also in general. A practical development would
be the use of additional information. The presented algorithms only use the
spatial and spectral information which is present in the studied imagery.
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Other information that could be used to better define the context of an
object are e.q. DEM’s or geophysical data but also products derived from
optical imagery, such as mineral or NDVI maps. Such layers may contain
less information than a spectrum, but can better be combined according to
expert knowledge.
A development that would greatly benefit the general applicability in image
processing is the use of standard measures that indicate the absolute fit of
a shape or template image to an image. This would allow a detection
algorithm to be transformed into a classification algorithm as presented in
chapter 4.
The third and last extension is philosophical and adds to the concept of
knowledge-based remote sensing. The presented algorithms have been designed to follow the expert reasoning that leads to recognition of an object
(see chapter 1). A negative reasoning that may identify and disregard false
anomalies, however, has not been applied in this thesis. Recognition of a
false anomaly is compared to object recognition an equal important part
in the human reasoning. It may be worthwhile to expand contextual algorithms with rules that can handle expected false anomalies.
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Appendix A

Sensor configurations
A.1

The Probe–1 and HyMap

Table A.1: The spectral and spatial configuration of the Probe–1 and HyMap hyperspectral sensors. The HyMap sensors are built since 1996 by Integrated Spectronics
Pty. Ltd. [41]. The Probe-1 is operated by Earth Search Sciences, Inc. [23].

IFOV
FOV
GIFOV
Module
VIS
NIR
SWIR1
SWIR2

Spatial configuration
2.5 mrad along track, 2.0 mrad across track
26◦ (512 pixels)
5 m (along track) at 2.3 km altitude, 8 m in this scene
Spectral configuration
Bands Range (µm)
Bandwidth (nm)
32
0.45 – 0.89
15 – 16
32
0.89 – 1.35
15 – 16
32
1.40 – 1.80
15 – 16
32
1.95 – 2.48
18 – 20
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A.2

The DAIS7915

Table A.2: The spectral and spatial configuration of the digital airborne imaging
spectrometer 7915 (DAIS7915). The DAIS7915 is operated by the Deutsches Zentrum
für Luft- und Raumfahrt (DLR) [20] since 1995.

IFOV
FOV
GIFOV
Module
VIS
NIR
SWIR
TIR

A.3

Spatial configuration
3.3 mrad
32◦ , 26◦ on DO 228 (512 pixels)
5 – 20 m depending on aircraft altitude, 5 m in this scene
Spectral configuration
Bands Range (µm)
Bandwidth (nm)
32
0.4 – 1.0
15 – 30
8
1.5 – 1.8
45
32
2.0 – 2.5
20
1
3.0 – 5.0
2000
6
8.0 – 12.6
900

The AVIRIS

Table A.3: The spectral and spatial configuration of the airborne visible/infrared
imaging spectrometer (AVIRIS) [44]. The AVIRIS is operated by the Jet Propulsion
Laboratory (JPL) since 1992.

IFOV
FOV
GIFOV
Module
VIS
NIR
SWIR1
SWIR2
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Spatial configuration
1 mrad
30◦ (614 pixels)
4 m or 20 m depending on aircraft
Spectral configuration
Bands Range (µm) Bandwidth (nm)
32
0.38 – 0.68
10
64
0.66 – 1.26
10
64
1.25 – 1.88
10
64
1.88 – 2.50
10

Appendix B

Laboratory protocols
B.1

Moisture content, pH and Ec

The analysis of soil samples was carried out in the geochemical laboratory
of the International Institute for Geoinformation Science and Earth Observation (ITC). The moisture content was determined by weighing the soil
samples before and after drying. The soil samples were ground in a mortar
and sieved using a 2 mm sieve. After weighing in aluminium dishes on a
“Mettler PE600i” toploading balance, the samples were dried in an oven at
65◦ C without fan. After twelve hours, the samples were placed in a dessicator filled with a layer of calcium chloride (CaCl2 ) for cooling and weighed
again after three hours. The drying and weighing procedure was repeated
as a control.
Measuring pH and Ec was done following the method described by Henderschot et al. [32] to a large extend. Twenty gram of each oven-dried sample
was brought into suspension in 40 ml of distilled/deionized water for two
hours on an “Edmund Buehler SM-25” stirring machine set at 172 rpm.
After settling overnight, the suspension was centrifuged for 10 minutes at
1900 rpm in a “Kokusan H-103N” centrifuge. The pH was measured using a “Lutron PH-201” and a “Metrohm 744” pH meter calibrated with
standards of pH 4.0 and 7.0. Ec was measured using a “WTW LF-91” Ec
meter calibrated with potassium chloride (KCl) standards of 58.7 mS/cm
and 6.67 mS/cm. Every 5th measurement was repeated for quality control.
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B.2

XRD

The X-ray diffraction (XRD) analyses were carried out by the X-ray laboratory of the faculty of Civil Engineering and Geosciences (CiTG), Delft
University of Technology. The soil samples were finely ground in a ceramic
mortar made of Mullite. A “Philips PW3710” X-ray diffraction system was
used to analyse the samples. For this analysis, the system was equipped
with a Copper (Cu) tube and a Nickel (Ni) filter. Interpretation of the
X-ray diffractograms was done using “Philips X’Pert” software in combination with the “PDF-2” database of the International Centre for Diffraction
Data (ICDD) [40].

B.3

XRF

The X-ray fluorescence (XRF) analyses were carried out by the X-ray laboratory of the faculty of Civil Engineering and Geosciences (CiTG), Delft
University of Technology. The soil samples were ground in a vibrating discmill equipped with a tungsten carbide grinding pestle. This material causes
some contamination of tungsten and possibly nickel. A section of the samples were ignited for 12 hours at 900◦ C in order to measure the mass loss
due to moisture and organic material. The total mass loss (LOI) including
loss due to molecular water and carbonate was determined at 1200◦ C.
A half gram of ignited material was fused with five grams of lithium tetraborate (Li2 B4 O7 ). This mixture is melted in a platinum/gold crucible at
1200◦ C and poured into a flat platinum disc. Just before pouring the
melt out of the crucible, a bit of potassium iodide (KI) was added as a
non-wetting agent to prevent the melt of affixing to the platinum of the
crucible. As a result of this minor addition, the concentrations potassium
oxide (KO) and iodine (I) were overestimated in the XRF results. Finally, the glass discs have been analysed with a “Philips PW 2400” x-ray
spectrometer for 76 elements. The concentrations were semi-quantitatively
calculated using the “UniQuant-5” software package. The concentrations
found for platinum and gold probably result from the crucibles used for
melting.
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Appendix C

CIE and RGB colour spaces
C.1

Calculation of CIE chromaticity coordinates

In 1931, the Commision Internationale de l‘Éclairage (CIE) introduced a
device-independent colour space based on the tristimulus colour theory of
human vision [14], which has since become a widely accepted standard
[67]. The system uses a set of imaginary XYZ primaries, called tristimulus
values, that allow most colours, as an observer would see it, to be defined
by a triplet of these primaries [67]. The tristimulus value Y is conveniently
chosen to match the relative luminance [10]. The CIE standard observer
shows how much of each primary would be used by an average observer to
match each wavelength of light (figure C.1). The XYZ tristimulus values
are computed by integrating the tristimulus curves xλ , yλ and zλ over a
spectrum sλ :
Z
830

X=
360

Z

(C.1)

sλ yλ dλ

(C.2)

sλ zλ dλ

(C.3)

830

Y =
360

Z

sλ xλ dλ

830

Z=
360
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tristimulus values

red
1.5
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0
350 400 450 500 550 600 650 700 750 800 850
wavelength (nm)

Figure C.1: The CIE 1964 tristimulus curves [14].

Figure C.2: The CIE chromaticity diagram.
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Chromaticity coordinates are colour definitions independent of the luminance (Y) and can be used to plot colours on a two-dimensional graph
called a chromaticity diagram (figure C.2). To calculate chromaticity coordinates, reflectance spectra first have to be transformed to XYZ tristimulus
values for the calculation of chromaticity coordinates. Chromaticity coordinates x and y are calculated by a normalization of the tristimulus values
XYZ:
x = X/X + Y + Z
(C.4)
y = Y /X + Y + Z

(C.5)

z = Z/X + Y + Z

(C.6)

As x,y, and z sum to 1, the z coordinate is considered redundant [67]. The
normalizing factor is introduced such that Y = 100 for a sample that reflects
100% at all wavelengths. The CIE colour coordinates used in this research
are x,y (chromaticity coordinates) and Y (luminance).

C.2

Approximation of RGB values

The RGB colour space is, unlike the CIE colour space, device dependent
and colours on a monitor are affected by the ambient light. There is consequently no standard result in the conversion from XYZ to RGB colour
space. The IEC 61966-2-1 standardised colour space based on the monitor
characteristics expected in a dimly lit office have been used in this research.
The expected colours of red, green, and blue monitor phosphors and the
white point are specified in table C.1. The formula used to convert from
the CIE “xyY” colour space to the mentioned RGB colour space is:
x ∗ Yy
R
3.2406 −1.5372 −0.4986

 

1.8758
0.0414  
Y
 G  ≈  −0.9689
B
0.0557 −0.2040
1.0570
(1 − x − y) ∗









Y
y


 (C.7)

115

C.2. Approximation of RGB values

Table C.1: The expected chromaticity colours and white point of the RGB colour
space.

x
y
z

Red
0.6400
0.3300
0.0300

Green
0.3000
0.6000
0.1000

Blue
0.1500
0.0600
0.7900

White point
0.3127
0.3290
0.3583

As a colour monitor does not display RGB linearly, the linear RGB values are transformed to nonlinear sR’G’B’ values and converted into 8 bit
integers by:
(
0

R =
(
0

G =
(
0

B =
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> 0.0031308 : R = 255 ∗ 1.055 ∗ R( 2.4 ) − 0.055
< 0.0031308 : R = 255 ∗ 12.92 ∗ R

(C.8)

1

> 0.0031308 : G = 255 ∗ 1.055 ∗ G( 2.4 ) − 0.055
< 0.0031308 : G = 255 ∗ 12.92 ∗ G
> 0.0031308
< 0.0031308

(C.9)

1

: B = 255 ∗ 1.055 ∗ B ( 2.4 ) − 0.055
: B = 255 ∗ 12.92 ∗ B

(C.10)
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[12] Chen, G., Bui, T. and Kryżak, A. [2005]. Rotation-invariant pattern recognition using ridgelets, wavelet cycle-spinning and fourier features, Pattern
Recognition 38: 2314–2322.
117

BIBLIOGRAPHY

[13] Choi, M.-S. and Kim, W.-Y. [2002]. A novel two stage template matching
method for rotation and illumination invariance, Pattern Recognition 35: 119–
129.
[14] CIE [1970]. International Lighting Vocabulary Publication, third edition,
Technical report, CIE.
[15] Cloutis, E. [1989]. Spectral reflectance properties of hydrocarbons: Remotesensing implications, Science 245: 165–168.
[16] Cocks, T., Jenssen, R., Stewart, A., Wilson, I. and Shields, T. [1998]. The
HyMap airborne hyperspectral sensor: the system, calibration and performance, in M. Schaepman, D. Schläpfer and K. Itten (eds), Proceedings of the
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Institute), Budapest, Hungary.
[58] Pieters, C. and Englert, P. [1993]. Remote geochemical analysis: Elemental
and mineralogical composition, Cambridge Univ Press, New York. 593 pp.
[59] Prinzhofer, A., Rocha Mello, M. and Takaki, T. [2000]. Geochemical characterization of natural gas: a physical multivariable approach and its applications in maturity and migration estimates, AAPG Bulletin 84(8): 1152–1172.
[60] Pysek, P. and Pysek, A. [1989]. Veränderungen der vegetation durch experi-

120

BIBLIOGRAPHY

mentelle erdgasbehandlung, Weed Research 29: 193–204.
[61] Richards, J. and Jia, X. [1999]. Remote sensing digital image analysis, an
introduction, third edn, Springer-Verlag, Heidelberg.
[62] Richter, R., Müller, A. and Heiden, U. [2002]. Aspects of operational atmospheric correction of hyperspectral imagery, International Journal of Remote
Sensing 23(1): 145–157.
[63] Rytuba, J., Arribas Jr, A., Cunningham, C., McKee, E., Podwysocki, M.,
Smith, J., Kelly, W. and Arribas, A. [1990]. Mineralized and unmineralized
calderas in Spain; Part ii, evolution of the Rodalquilar caldera complex and
associated gold–alunite deposits, Mineralium Deposita 25: S29–S35.
[64] Salem, F., Kafatos, M., El-Ghazawi, T., Gomez, R. and Yang, R. [2005].
Hyperspectral image assessment of oil-contaminated wetland, International
Journal of Remote Sensing 26(4): 811–821.
[65] Samal, A. and Edwards, J. [1997]. Generalized Hough transform for natural
shapes, Pattern Recognition Letters 18: 473–480.
[66] Saunders, D., Burson, K. and Thompson, C. [1999]. Model for hydrocarbon
microseepage and related near-surface alterations, AAPG Bulletin 83(1): 170–
185.
[67] Schetselaar, E. [2000]. Integrated analyses of granite-gneiss terrain from field
and multisource remotely sensed data, PhD thesis, Delft University of Technology, Delft, The Netherlands.
[68] Schmidt, K. [2003]. Hyperspectral remote sensing of vegetation species distribution in a saltmarsh, PhD thesis, Wageningen University, Wageningen, The
Netherlands.
[69] Scholte, K. [2005]. Hyperspectral Remote Sensing and Mud Volcanism in Azerbaijan, PhD thesis, Delft University of Technology, Delft, The Netherlands.
[70] Schumacher, D. [1996]. Hydrocarbon-induced alteration of soils and sediments, in [72], pp. 71–89.
[71] Schumacher, D. [2001]. Petroleum exploration in environmentally sensitive
areas: Opportunities for non-invasive geochemical and remote sensing methods, pp. 012–1 – 012–5. Annual Convention of the ASPG.
[72] Schumacher, D. and Abrams, M. (eds) [1996]. Hydrocarbon migration and its
near-surface expression, Memoir 66, The American Association of Petroleum
Geologists (AAPG), Tulsa, Oklahoma, USA.
[73] Segl, K., Roessner, S., Heiden, U. and Kaufmann, H. [2003]. Fusion of spectral and shape features for identification of urban surface cover types using
reflective and thermal hyperspectral data, ISPRS Journal of Photogrammetry
and Remote Sensing 58(1–2): 99–112.
[74] Siderius, W. [2004]. Colour, texture and consistence of soils sampled at a gas
seepage in Hungary. International Institute for Geo–information Science and
Earth Observation (ITC).
[75] Silva, T. and Bigg, G. [2004]. Computer–based identification and tracking of

121

BIBLIOGRAPHY

[76]

[77]

[78]

[79]

[80]
[81]
[82]
[83]
[84]

[85]

[86]

[87]
[88]
[89]

122

Antarctic icebergs in SAR images, Remote Sensing of Environment 94: 287–
297.
Sluiter, R., de Jong, S., van der Kwast, H. and Walstra, J. [2004]. A contextual approach to classify Mediterranean heterogeneous vegetation using the
Spatial Reclassification Kernel (SPARK) and DAIS7915 imagery, Vol. 5 of
Remote Sensing and Digital Image Processing, Kluwer Academic Publishers,
Dordrecht, The Netherlands, chapter 15, pp. 291–310.
Smith, K., Steven, M. and Colls, J. [2004]. Use of hyperspectral derivative
ratios in the red-edge region to identify plant stress responses to gas leaks,
Remote sensing of environment 92: 207–217.
Soltanian-Zadeh, H., Rafiee-Rad, F. and Pourabdollah-Nejad, S. [2004]. Comparison of multiwavelet, wavelet, Haralick and shape features for microcalcification classification in mammograms, Pattern Recognition 37(10): 1973–1986.
Stein, A., van der Meer, F. and Gorte, B. [1999]. Spatial statistics for remote
sensing, Vol. 1 of Remote Sensing and Digital Image Processing, Kluwer Academic Publishers, Dordrecht, The Netherlands.
Tedesco, S. [1995]. Surface geochemistry in petroleum exploration, Chapmann
& Hall, New York.
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Summary
This thesis outlines the development of image processing algorithms that combine
spectral and spatial information for the detection of complex objects. Complex
objects are objects that are composed of several smaller parts. These smaller
parts may not be spectrally unique in themselves and lack a statistical coherence,
thus creating a problem for image processing techniques that operate per pixel.
As the human mind is often capable of processing and recognizing such objects
by combining spectral and spatial information, a solution to this problem is an
image processing algorithm that is based on the same qualitative reasoning. The
main thread in this thesis is to detect complex objects by combining their nonunique spectral and spatial characteristics into a unique composite signature. The
thematic focus is on the detection of natural hydrocarbon seepages.
Natural hydrocarbon seepages are non-unique in both their spectral and spatial
characteristics. The spectrum of oil is easily confused with other bituminous objects such as asphalt. The dominant anomaly that results from the presence of
hydrocarbons is bare soil, which is a very common surface in nature. A pixelbased spectral classification will thus result in many false positives. The spatial
pattern of seepages is a series of circular halos lined up along geological structures.
This pattern is in itself also not unique as it can easily be confused with e.g. tree
crowns. When the spectral and spatial characteristics are combined, however, the
remaining complex is unique.
This thesis presents four knowledge-based image processing algorithms that operate on the spectral and spatial domains of an image. The first algorithm measures the shape of a homogeneous object, based on relations between the area and
perimeter of an object and its convex hull. In the application, morphologically
different lakes are identified in a segmented multispectral image, purely by their
shape. The shape-based classification is compared to a map obtained by expert
classifications. Results show that this approach is very successful as it reaches a
classification score of 98% when an object consists of at least 200 pixels that are
neede to accurately describe its shape.
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Summary

As seepage-induced halos usually cover only a few tens of square meters, a detection algorithm that can operate on fewer pixels is required. Such a spectral-spatial
recognition of a small group of pixels can be done using a template matching
algorithm that matches a miniature template image, of an object of interest, to
a remotely sensed image. The algorithm is used to detect specific mineralogical
boundaries of a hydrothermal alteration system. Such a boundary zone is considered to be the smallest complex object possible as it can be defined by the
combination of only two spectral signatures. It is shown that this algorithm is
capable of detecting crisp as well as fuzzy boundaries and thereby add new information to pixel-based spectral classifications. Unfortunately, a rigid template can
not be matched to incomplete objects, nor can it easily adapt to the spectral and
spatial variation found in seepage characteristics.
A solution to this drawback is to reduce the input of spectral information and
to match simple mathematical shapes to image pixels. This can be done by the
detecting spectrally homogeneous pixels on circles of a pre-defined diameter. This
technique is applied to artificial imagery to study the results when detecting botanical and mineralogical anomalies related to hydrocarbon seepages. The algorithm
is then successfully applied to an aerial photograph for the detection of seepageinduced halos. It is concluded that differentiation between targets that have similar spatial pattern, such as seepage halos and tree crowns, an image processing
algorithm requires the use of at least a single spectral endmember.
The results of the third algorithm lead to the development of the final algorithm, a
sequential Hough transform. This algorithm uses a pixel-based classification with
a single spectral endmember to find pixels that potentially belong to a seepageinduced halo. Circles are then fitted through these pixels by a Hough transform.
The obtained circle centres are subsequently used in a second Hough transform
that aims to detect lines. This algorithm is applied to the same aerial photograph
used above to detect the seepages. Results show that this algorithm successfully
identifies seepage locations and that this approach is flexible enough to cope with
spatial and spectral variability between several seepage-induced halos. A comparison with a pixel-based classifier shows that the number of false anomalies is greatly
reduced.
It is finally concluded that each of the developed algorithms perform well in the
applications that are presented in this thesis. The concept of the presented algorithms in general and the design of these algorithms in particular allow them to
be applied to other remote sensing studies. The knowledge-based spatial-spectral
approach also shows a considerable improvement over traditional image processing techniques in the detection of anomalies resulting from natural hydrocarbon
seepage.
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Samenvatting
Dit proefschrift beschrijft de ontwikkeling van beeldverwerkingsalgoritmes voor
complexe objecten. Complexe objecten zijn opgebouwd uit kleinere delen die noch
uniek noch onderling statistisch verbonden hoeven te zijn, hetgeen problemen oplevert bij aardobservatie. Aangezien de mens zulke objecten vaak wel herkent
door verstandelijk spectrale en ruimtelijke kenmerken te combineren, kan een oplossing gevonden worden in beeldverwerkingstechnieken die eenzelfde kwalitatieve
redenatie volgen. De hoofdlijn van dit proefschrift is het detecteren van complexe objecten door het combineren van spectrale en ruimtelijke kenmerken tot
een unieke samenstelling.
Het thematische accent ligt op het detecteren van natuurlijke sijpeling van koolwaterstoffen, een fenomeen dat zowel in ruimtelijk als spectraal aspect niet uniek
is. Het spectrum van olie lijkt bijvoorbeeld op dat van asfalt. De voornaamste
anomalie die voortkomt uit de aanwezigheid van koolwaterstoffen is een kale bodem, hetgeen niet uniek is voor koolwaterstof sijpeling. Het ruimtelijke patroon
van sijpelingen bestaat veelal uit een reeks cirkelvormige halo’s die opgelijnd zijn
langs geologische structuren in de ondergrond. Dit patroon is evenmin uniek en
zou bijvoorbeeld verward kunnen worden met een reeks boomtoppen. Slechts indien de spectrale en ruimtelijke kenmerken gecombineerd worden onstaat een uniek
samengesteld object.
In dit proefschrift worden vier beeldverwerkingsalgoritmes gepresenteerd die op zowel het spectrale en ruimtelijke domein van een beeld werken. Het eerste algoritme
becijfert de vorm van een object, gebaseerd op verhoudingen tussen omtrek en oppervlak van het object en zijn enveloppe. Als toepassing is een multi-spectraal
beeld van morfologisch verschillende meren gesegmenteerd en zijn deze meren op
basis van hun vorm geclassificeerd. Deze classificatie is voorts vergeleken met
de uitkomsten van aardobservatie specialisten. De resultaten laten zien dat deze
techniek erg goed presteert met een classificatie score van 98% indien een object
uit ten minste 200 beeldpunten (pixels) is opgebouwd. Een algoritme dat werkt
met slechts enkele beeldpunten is echter wenselijk aangezien sijpeling-gerelateerde
halo’s meestal maar een tiental vierkante meters beslaan.
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Samenvatting

Een gecombineerd spectraal-ruimtelijke herkenning van een kleine groep beeldpunten kan gedaan worden door een miniatuur beeld met daarin het te detecteren
object direct te vergelijken met een beeld dat verkregen is door teledetectie. Deze techniek wordt in dit proefschrift gebruikt om mineralogische grenzen in een
hydrothermaal systeem te detecteren. In een beeld is een grenszone het kleinst
mogelijke samengestelde object aangezien het door slechts twee spectrale kenmerken gedefinieerd kan worden. Uit de toepassing blijkt dat dit algoritme in staat
is zowel scherpe als geleidelijke grenzen te detecteren en nieuwe geologische kennis
oplevert. Helaas voldoet een star voorbeeld van een object in een miniatuur beeld
niet optimaal vanwege de grote spectrale en ruimtelijke variatie die aanwezig is in
de natuur.
Een oplossing wordt gezocht in het verminderen van de afhankelijkheid van spectrale informatie en het zoeken van eenvoudige wiskundige vormen in beeldelementen.
Een algoritme dat voortkomt uit bovenstaande bevindingen poogt spectraal identieke pixels te vinden op een cirkel met een vooraf vastgestelde diameter. Om het
resultaat voor sijpeling-gerelateerde anomaliëen te bestuderen wordt dit algoritme
eerst toegepast op kunstmatig gegenereerde beelden. Daarna wordt het succesvol toegepast op een digitale luchtfoto voor het vinden van sijpeling-gerelateerde
halo’s. Het blijkt echter dat het gebruik van ten minste één spectrale referentie
nodig is om verwarring tussen objecten met eenzelfde vorm, zoals de halo’s en
bijvoorbeeld boomkruinen, te voorkomen.
De resultaten uit bovengenoemde ontwikkelde algoritmen leiden tot de ontwikkeling van algorithme gebaseerd op Hough transformaties. Dit algoritme gebruikt
een traditioneel classificatiealgoritme met een enkel referentiespectrum om beeldelementen te vinden die potentieel tot een sijpeling halo kunnen behoren. Door
deze beeldelementen worden vervolgens cirkels gepast door middel van een Hough
transformatie. In een tweede Hough transformatie worden lijnen gepast door de
middelpunten van de verkregen cirkels. Dit algoritme wordt eveneens toegepast op
de luchtfoto; de resultaten laten zien dat dit algoritme de mondingen van natuurlijke sijpelingen kan detecteren en dat het zich voldoende aanpast aan de variatie
in spectrale en ruimtelijke kenmerken.
Dit proefschrift leidt tot conclusie dat alle vier algoritmes prima voldoen in de
genoemde toepassingen. Het concept van beeldverwerking volgens kwalitatieve redenatie in het algemeen als wel deze vier algoritmes in het bijzonder zijn zonder
meer toepasbaar in aardobservatie. Een op redenering gebaseerde integratie van
spectrale en ruimtelijke informatie laat tevens een sterke verbetering zien in het
detecteren van anomaliëen die voortvloeien uit natuurlijke sijpeling van koolwaterstoffen.
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