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Foreword

Since the 1970's a range of increasingly sophisticated satellite remote sensing systems
have become available for monitoring the earth's atmosphere, oceans and land surfaces.
One of these, the Advanced Very High Resolution Radiometer was first launched by
NOAA in 1978 on board TIROS-N as part of their Polar Orbiting Environmental
Satellites (POES) program. Since then a further 14 AVHRR sensor systems have been
launched, and four are currently operational. AVHRR has sensors that record in the
visible, infrared and thermal infrared spectral ranges, with a resolution element size of
approximately 1 kilometre, and a return period of 12 hours between the descending and
ascending orbital paths, at an altitude of 833 km. It is this range of wavelengths and
better than daily return period that has made the data useful for a range of applications.
These include deriving sea surface temperatures, ocean colour, vegetation indices
(NDVI), atmospheric aerosols over oceans, monitoring volcanic eruptions and volcanic

ash clouds, and monitoring cloud patterns.

The work that Frank Lu undertook for his PhD examined the sea surface temperatures
(SST) derived from AVHRR thermal infrared image data as a means of determining sea
surface velocity (SSV). At any instant the spatial distribution of sea surface
temperatures have unique patterns. As currents caused by temperature differences and
surface winds move the ocean surface, the shape, distribution and location of these
patterns are changed. If the movements of the same points, on these moving and
distorting patterns, can be tracked, then the spatial distribution of sea surface velocity,
or the sea surface displacement field, can be estimated. The difficulty is caused by the
up to 12 hours time difference between successive images, and thus the ability to locate
the same points in each pattern. Methods used to date relied on the determination of the
maximum correlation between successive SST images using a fixed, non-rotating
template for image processing. This approach can result in a large number of errors,
particularly when there is a significant time difference between images. The
contribution made by Lu's work was to develop a processing method that integrated the
contextual relation of the displacement field with the correlation method, and allowed

for a flexible processing template to resolve the deformation of the SST pattern. His



research also saw the development of a partially cloud contaminated pixel detection

algorithm, based on the Forstner operator.

Lu's research was somewhat unique in the School of Geomatic Engineering, as only
limited ocean related remote sensing research has been previously undertaken, most
notably on sediment load and chlorophyll distribution in near coastal waters. His
research though, has close links to other image processing work in the School
particularly edge detection in photogrammetry for automated road tracing and also
image matching for automated DEM production, and to a lesser extent with image
deconvolution of SPOT data using point spread functions, and to research into radar
speckle filtering and segmentation for better classification of forest images and other
classification procedures. Some remote sensing image processing research is also
undertaken in the School of Geography (UNSW), which is associated to the School of
Geomatic Engineering through the Centre for Remote Sensing and GIS. Internationally
a significant amount of research is being undertaken for ocean monitoring, using a wide
range of remote sensing tools from visible to microwave systems, and Lu's work forms

a part of these ongoing studies.

Bruce Forster

November 2000



Abstract

The reliability and accuracy of the determination of the sea surface displacement field

from consecutive sea surface temperature (SST) images using maximum Cross-
correlation (MCC) method with non-rotate fixed-shape template, are affected by a
number of factors, and result in a large number of erroneous estimates. The research
described in this thesis investigates uncertainty in the determination of displacement of
SST patterns due to the correlation function form, and the error in the correlation
function computed using a non-rotate fixed-shape template due to the unresolved
rotational motion and deformation. Based on the understanding of the factors which
affect the displacement determination, a comprehensive algorithm based on a relaxation
labelling technique and joined-patch least squares matching (JPLSM) technique was
developed. Besides these, a partially cloud contaminated pixels detection algorithm,

based on the Forstner operator, was developed to minimise the effect of cloud

contamination.

The investigation shows that the correlation function was frequently of muilti-peak and
elongated distribution, due to the high auto-correlation of the SST patterns in the along-
isothermal direction, and this distribution form of the correlation function introduces an
uncertainty in the displacement determination. The unresolved rotational motion and the
deformation of SST patterns further distorts the correlation function, and thus, results in

erroneous estimates.

To resolve the uncertainty due to the multi-peak and elongated distribution of the cross-
correlation function, additional information is required. The proposed relaxation
labelling approach integrates the contextual relation of the displacement field with the
correlation measure. The experimental results show that the proposed relaxation
approach resolves well the uncertainty, and significantly improves the reliability and

robustness of the determination.



Abstract

The proposed JPLSM refinement approach, integrates the patches of the entire grid as a
single flexible template. The strength of the inter-patch and intra-patch constraints are
controlled according to the condition of the features contained in the templates. The use
of the joined flexible template resolves the deformation of the SST patterns and
overcomes the over-smoothness due to the trade-off in template size selection,
therefore, significantly improving the accuracy of the determination. The experimental
results also show that, by controlling the strength of the constraints according to the
feature condition, the integration of the contextual information and the minimisation of
the effect due to the imperfection of the constraints can be well balanced. The study
further discussed the inherent relation between the least squares matching method and
the inversion method, and the error caused by using the large elementary unit and the

necessity of the use of the iterative process with large to small elementary unit in the

JPLSM approach.

The partially cloud contaminated pixel detection algorithm based on the Forstner
operator, that is proposed in this thesis, detects the partial-cloudy pixels based on the
strength of the gradient, consistency of gradient orientation, and the intensity difference
between the candidate pixels and the average of the neighbouring pixels. The

experimental results show that the algorithm can effectively detect the point-type cloudy

pixels.

i}
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Chapter 1

Introduction

1.1 General

The ocean currents are one of most basic dynamic phenomenon of oceans, and they
carry an enormous amount of dynamic and thermal energy. Thus, the precise
information on current field at various depths has significant importance to numerous
modern ocean-related industries and applied sciences, such as, meteorology, shipping,

fishing, ocean engineering, ocean pollution monitoring and ocean geology.

However, unlike the atmosphere, for which environmental observations are performed
routinely by a global synoptic satellite and on-land station monitoring system, the
inhospitable conditions of the oceans and the prohibitively high costs prevented the
establishment of a long-term large-scale routine observations with a sufficient spatial-
temporal density based on these sea-borne observational techniques. The advent of
modern observation technologies since the 1970’s, especially space technology, have
opened up the possibility of investigating the ocean on a global scale with an integrated
composite systems of satellites, buoys, moorings, drifters and ship based observations.
The remote sensing of the ocean surface brought novel information on surface
temperature and colour, surface topography, surface roughness, sea ice and wind stress.
These information were gradually assimilated into oceanographic research and have

become important components in ocean studies.

Two types of satellite remotely sensed observations are currently available for the ocean
circulation estimation. The first is high resolution satellite imagery. It can image either
thermal infrared sea surface temperature (SST) pattern or ocean surface colour. Sea
surface temperature patterns or water colour patterns are used as tracers. Under the
assumption that the SST or the water colour pattern advects passively along with the sea

surface current, the displacement of homologous features of SST or colour pattern on a



Chapter 1 Introduction

sequence of images can be used to estimate the sea surface velocity field. To date,
considerable research, to identify the surface movements in the boundary current zones,

has been reported.

The other (perhaps the most attractive) satellite technique for large scale ocean
circulation determination is the sea surface topography measurements from satellite
radar altimetry. Under the geostrophic approximation, the altimetric along-satellite-
subtrack sea surface height (the vertical distance between the surface to geoid) can be

used to calculate the cross-track sea surface velocity component.

Besides these two satellite remote sensing techniques, radar interferometer techniques
have a great potential for sea surface current determination. By determining the
difference in phase of the return signal measured at two antennas separated in the
azimuth direction, the component of sea surface velocity orthogonal to the direction
linking the two separated antennas, can be derived. This technique is currently only
available on airborne imaging radar systems. It will be adopted on the ERS satellite in

the near future.

Generally, each type of observational technique has its own limitations and can only
provide measurements of a part of the characteristics of oceanic currents. A complete

observation system requires a number of mutually complementary observational

techniques.

The research described in this thesis focuses on the strategies and methods for
improving the reliability and accuracy of the sea surface velocity field estimation from

consecutive Sea Surface Temperature (SST) images.

1.2 Velocity Estimation from Consecutive Satellite Images

The sea surface velocity field can be estimated from either a single thermal infrared
satellite image or a time-sequence of sea surface temperature (SST) or sea surface
colour images. As the research described in this thesis will concentrate on the

estimation of the sea surface velocity field from consecutive images, the techniques for
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estimation velocity field from a single image will only be briefly introduced in an

overview in Chapter 2.

In the techniques for estimating sea surface velocity field from consecutive satellite
images, the SST or sea surface colour patterns are used as the tracer. Based on the
assumption that the tracer is passively advected by the flow field, the velocity field is
estimated by either tracking the movements of homologous tracer features or
determined from time-differential of tracer concentrations based on energy conservation

equations.

The earliest efforts at sea surface velocity field estimation from remotely sensed
consecutive tracer images is termed the subjective feature tracking technique, in which
the displacements of corresponding features of tracer patterns from a sequence of
geographically co-registered images were visually identified and measured manually.
The main disadvantage of the subjective feature tracking technique is its time and

labour intensity.

To be able to process large amounts of data and achieve an automated and operator
independent advective velocity estimation computational procedure, many so-called

objective estimation methods were promoted.

The maximum cross-correlation (MCC) technique is one of most frequently employed
techniques for the sea surface velocity field estimation from consecutive images. This
approach tracks the movements of the homologous SST features by searching and

identifying the maximum cross-correlated features.

The inverse model method is another frequently used technique. The basis of the
inverse model method is the requirement that the estimated velocity field must satisfy
certain sea surface physics principles using a least squares estimation. Kelly [1989]
formulated a scheme based on a two-dimensional non-diffusive thermal conservation

equation with a bi-linear representation of surface heat fluxes and vertical entrainment.
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With the minimisation of the energy, divergence and vorticity the model gave a

plausible total velocity field.

1.3 Factors Affecting the Reliability and Accuracy of Estimation

To gain accurate information of sea surface velocity field from consecutive AVHRR

thermal images, two aspects of investigations are required:

1. Improving the reliability and accuracy in tracing the displacement of the SST
patterns in consecutive images (i.e. optimisation of the determination of

displacement of SST patterns)

2. Understanding the relation between the movement of surface temperature patterns
determined from the consecutive AVHRR thermal images and the movements of

ocean currents (i.e. the interpretation of the determined SST pattern displacements).

The work described in this thesis focuses on the investigation of the strategies and
methods to improve reliability and accuracy of the determination of the SST pattern
displacements. In other words, the research described in this thesis concentrates on the

first aspect mentioned above.

Technically, previous estimations are based on two relatively simple techniques — the
MCC method and the inversion method, using thermal conservation equation. Due to
the complexity of the advective and non-advective physical processes of ocean currents,
air-sea inter-affects, and thermal gradient distribution of SST patterns, the reliability

and accuracy of the estimation can be affected by a number of factors.

In the MCC method, the quality of the determination can be affected by the following

factors:

e As most previous MCC techniques track the motion of SST features with the non-
rotate fixed-shape template, then the displacement caused by rotation and
deformation are not resolved, thus, decreasing the cross-correlation corresponding to

a correct SST feature pair, and increasing the chance of a mis-match.
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e Non-advective physical processes such as spatially variant heat exchange and
diffusing, change the intensity gradient of the sea surface pattern, and superimpose
an additional decrease in the correlation. These effects can become more serious with

an increased time-separation.

e The sea surface temperature pattern field tends to be dominated by large scale
features such as jets and rings. The temperature gradients within these features are
usually relative weaker, sometimes even isothermal. The features are generally
highly auto-correlated along isothermal directions (i.e. along the edges of the SST
pattern), while, the sub-image within the large scale patterns generally have a low
signal to noise ratio. The investigation described in Chapter 5 of this thesis found
that the cross-correlation function of the consecutive images corresponding to such
patterns is frequently multi-peaked and of longish distribution. Consequently, the
longish and multi-peak distributed correlation function introduces a large uncertainty
into the displacement determination when using the correlation value alone as the

criterion, as is the case in the MCC method.

¢ The use of independent fixed-shape template in the MCC method also allows trade-
off in window size selection. To gain sufficient information, large template windows
are required. However, the use of the large template window causes the over-

smoothness of the resultant field in the areas of strong velocity shear.

There are mainly two sources of uncertainty and error in the estimation using inversion

method based on the differential form of the thermal conservation equation.

e The inversion using the differential form of the thermal conservation equation is a
under-determined system. The displacement determination relies on additional
constraints, the resultant field can vary when the weight of the constraints change.
This introduces an uncertainty into the estimation. To gain a realistic estimation,

other data sets may required as the control or reference set.

e The inversion, using the differential form thermal conservation equation, uses only
long wavelength image components. In section 7.4 of Chapter 7 of this thesis, it will

be demonstrated that the exclusion of high frequency image components can increase
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estimation error. The study in section 7.4 also demonstrates that this problem can be

solved by using iterative processing with large to small elementary subsets.

Besides the above error sources, undetected cloud is also a source of erroneous

estimations.

1.4 Motivation and Strategies Used in the Research to Improve
Estimation Reliability and Accuracy

The general purpose of the research described in this thesis is to investigate the
strategies of improving the reliability and accuracy in the determination of the

displacement of SST patterns from consecutive AVHRR thermal images.

The research firstly investigated the general form of the cross-correlation function of
SST patterns, and its variation due to different pre-filtering and correlation computation
methods. The investigation described in Chapter 5, found that the uncertainty due to the
multi-peak and longish distribution of the correlation function is a major source of
erroneous estimation, and the unresolved rotational and deformation further distorts the

correlation function distribution and introduces erroneous estimates.

Therefore, the research specifically concentrated on resolving the uncertainty in the
estimation due to the multi-peak and longish distribution of the cross-correlation
function, and the error in the correlation function computed using a fixed-shape

template due to the unresolved rotational motion and deformation.

Based on the understanding of the factors which affect the displacement determination,
then a comprehensive algorithm based on the relaxation labelling technique and jointed-
patch least squares matching technique was developed. The basic strategies used to
improve the reliability and accuracy of pattern displacement tracing in the algorithm
are:

¢ Integrating additional contextual information with the measure of similarity of

features (e.g. cross-correlation) to resolve the uncertainty in the correlation function.

This is using a relaxation labelling technique to give a reliable displacement field
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results, then the estimated field using the relaxation process is further refined with a

jointed-patch least squares matching (JPLSM) technique.

¢ Resolving rotational motion and deformation using a bi-linearly flexible template in

the proposed JPLSM scheme.

Besides these, an algorithm based on the Forstner operator for the partially cloud

contaminated pixels detection was also developed.

1.5 The Organisation of the Thesis

o Chapter 2, firstly, very briefly provides a background on the ocean currents. Then a
overview on the current techniques for the determination of the displacement field
from satellite imagery is given. Finally, a discussion on the value of the consecutive

SST images in ocean currents observation is given.

e Chapter 3, reviews and compares the previous MCC technique based displacement
determination schemes.

o Chapter 4, develops a partially cloud contaminated pixels detection algorithm based
on the Forstner operator.

o Chapter 5, studies the cross-correlation function distribution of SST features and its
variation due to different pre-filtering and correlation computation methods.

o Chapter 6, develops a displacement determination algorithm based on the relaxation
labelling method to reduce the uncertainty due to the multi-peak and longish
distribution of the correlation function.

e Chapter 7, proposes and tests a scheme for a resultant field refining process based
on a jointed-patch least squares matching method (JPLSM), to further improve
estimation accuracy by using joined bi-linearly flexible templates to resolve the
deformation due to the straining motion and rotational motion. The chapter further
illustrates the inherent relation between the proposed JPLSM scheme and the
inverse model method, and discusses the necessity of using an iterative process with
large to small elementary computational units.

e Chapter 8, offers conclusions. The main points from the thesis are summarised.

Contributions are discussed with suggestions for further study.



Chapter 2

Background and Overview on Oceanic Current
Observation Techniques Using Remote Sensed Imagery

2.1 Introduction

It has been known that information on ocean current is crucial for understanding of
global transportation of thermal energy, marine organism and momentum. As well, the
precise information on current field at various depths has become more and more
important for numerous modern ocean-related industries and applied sciences, such as,
shipping, fishing, ocean engineering, ocean pollution monitoring and ocean geology.
The history of current observation can be traced back to Columbus who was the first to
use instruments to determine the direction of the current flowing north of the Equator.
Data on currents collected over decades provide a general picture of ocean circulation.
However, despite the advent of modern technology, knowledge of ocean currents are
based on ship navigation records and ship borne temperature and salinity measurements.
Because such observations are spatially and temporally sparse, the only way one could
attempt to draw a current map was to lump together observation records from all the
expeditions ever made, often spanning years or even decades. Therefore, the

movements of ocean waters at any given moment were virtually unknown.

With the advent of modern electronics since 1960’s, the electronic transistor has greatly
changed the techniques of instrument set up, maintenance, and data retrieval. Equipped
with a multitude of new techniques, such as moored arrays of current meters, STD/CTD
(salinity temperature depth/conductivity temperature depth) temperature salinity
profiles, XBT (bathythermograph), SOFAR (sound fixing and ranging) float and other
methods, the oceanographers, during 1970’s, improved remarkably the knowledge on

ocean circulation through a series of ocean experiment programs, such as USSR
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POLYGON (1970), US-UK Mid Ocean Dynamics Experiment (MODE-I, 1971-1974),
English, French and German co-operative program North East Atlantic Dynamics Study
(NEADS, 1976-1979) and the joint US-USSR program POLYMODE (1975-1978).
However, unlike the atmosphere, for which environmental observations are performed
routinely by a global synoptic satellite and on-land station monitoring system, the
inhospitable conditions of the oceans and the prohibitively high costs prevented the
establishment of a long-term large-scale routine observations with a sufficient spatial-

temporal density based on these sea-born observational techniques.

The advent of modern observation technologies since the 1970’s, especially space
technology, have opened up the possibility of investigating the ocean on a global scale
with an integrated composite systems of satellites, buoys, moorings, drifters and ship
based observations. The remote sensing of the ocean surface brought novel information
on surface temperature and colour, surface topography, surface roughness, sea ice and
wind stress. This information was gradually assimilated into oceanographic research
and have become important components in ocean studies. Also, satellites and aircrafts

are used to read out information from buoy networks and trace the motion of drifters.

The introduction of modern observation techniques into oceanographic research
changed the experimental design and observational strategies, and has allowed a large
and dense (spatially and temporally) investigation of the intricate mechanisms of
oceanic phenomena. With the help of the advanced observational techniques, the nearly
continuous monitoring has made possible the study of transient phenomena, such as
eddies, internal waves and the temporal structure of the ocean.. However, measurements
from space can observe only directly the sea surface. Therefore, sea based observations
will still be needed to complete a top-to-bottom observational system, required for 3-
dimensional ocean circulation estimation, as Wunsch [1993] has suggested. The use of
satellite or aircraft drifter positioning techniques, electronic transistors and acoustic
tomography techniques has remarkably changed the sea-based observation network

design and data retrieving. The improvements have made sea-based observation

systems more cost-effective.
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Generally, each type of observational technique has its own limitations and can only
provide measurements of a part of the characteristics of oceanic currents. A complete

observation requires a system of mutually complementary observational techniques.

2.2 Ocean Currents Structures

The oceans exhibit structures and movement on all scales from the molecular on up to
the size of the container in which they reside (i.e. the ocean basin). The wavenumber
spectrum of these oceanic processes is not very well known as yet. However, through a
series of oceanographic experiments during the last decades, oceanographers have
gained certain useful knowledge. The following figures (Figure 2.1.a adapted from the
TOPEX Working Group report [TOPEX 1981] and Figure 2.1.b from [Maul et. al.
1980]) are the summary of the frequency-wavelength of oceanic dynamic features and

the distribution of circulation kinetic energy in frequency-wavelength space.
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Figure. 2.1.a Sketch of the frequency-spectrum of circulation energy at mid-latitudes,
with arbitrary contour units (adapted from TOPEX [1981])
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Figure. 2.1.b Graphical summary of the frequency-wavelength regions of some
important dynamic processes (adapted from Maul et al.,[1980])

2.2.1 The Large Scale Steady Circulations and Mesoscale Oceanic Variabilities

To understand the ocean circulation and the distribution of its properties, it is
convenient to split the subject into two parts — the large scale long-period mean
circulation and the fluctuating part. Usually, currents on the basin-wide spatial scales,
with temporal scales in the range from several years to several tens of years, are termed
as large scale (or general, steady) mean ocean current, and by mesoscale variability,
oceanographers refer to the phenomena on a spatial scale range 50-500 km and 1 day to

2 years on temporal scale [Christou 1990].

The global horizontal large scale, long period circulation system consists of a series of

gyres (i.e. the closed rotational systems of current) as shown in Figure 2.2.

11
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Figure 2.2 The general circulation of the surface layer of the world ocean in July (after
Robinson [1994])

From the past few decades of oceanographic research, it is known that over great areas
of the oceans there exists a variety of time-dependent mesoscale processes. These time-
dependent fluctuations can have energy levels one or more orders of magnitude larger

than those of the mean flow [Holland et al 1983], and also contribute dynamically to the

large scale mean flow.

All types of variable flow are commonly referred to, by physical oceanographers, by the
generic term eddies. In an analogy to atmospheric sciences, the general ocean
circulation can be thought of as the climate of the oceans, while the eddy variability can
be thought of as the internal weather of the oceans. The generic term eddies
encompassed a large class of space and time variations. The spatial scales of variability

can range from tens to hundreds and thousands of kilometres. Time scales can range

12
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from weeks to months and years. The large scale ocean current variations are usually
considered to be in approximate geostrophic balance [Robinson, 1983]. The phrase
mesoscale eddies has been coined simply to indicate motions of less than the oceanic
gyre scale with a typical mid-ocean spatial scale of 100 km, and with a life-time of the
order of several months. these mid-ocean mesoscale eddies have swirl speeds of the
order of 10 cm/s, which are frequently considerably greater than the long-term average

flow [Robinson, 1983].

Figure 2.1.a shows the following:

¢ The high kinetic energy of variability at a period of one year, over a broad range of

length scales, indicates the importance of annual fluctuations of the general

circulation.

e The variabilities at length scales between 50 km and 500 km carries a large amount
of energy, especially, the variabilities of a spatial scale 100 km and temporal scale
about 100 days. The variability within this spatial/temporal range corresponds to the

mesoscale eddy field.

o Little energy is found at length scales of less than around 50 km.

2.2.2 The Cause of Oceanic Circulation

The energy that drives the currents of the world’s oceans is derived almost exclusively
from the sun. Solar energy generates temperature differences at the Earth's surface and
in the atmosphere that give rise to winds. The winds in turn are the major cause of the
movements of surface waters in the oceans. In addition, the unequal heating of the

ocean by solar energy further contributes to the movement of water masses as current.

The ocean circulations may be divided into two parts according to the type of primary
driving-maintaining force — wind drive current and thermohaline. Water movement at
the surface of the ocean is initiated by wind blowing across the water. The wind drags
the water surface along through friction. As the water surface film is set in motion, it
drags on the water layer beneath. The layer beneath then imparts motion to the water at

lower levels until the entire surface zone (i.e. surface to thermocline about, 300-1000 m

13
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thick) is in motion. Since the transfer of momentum from wind to the underlying water
layer is not efficient, the kinetic energy from wind stress is lost with depth. Therefore,
wind stress is the major force driving surface currents. The second major currents-
generating force results from the effects of temperature and salinity difference in the
oceans and it is called a thermohaline. Thermohaline effects are caused by the
differences in sea water density that results from the differences in sea water
temperature and salinity. The less dense water will be displaced laterally and upwards.

Thermohaline effects are the main cause of deep water mass movement.

2.3 The Estimation of Sea Surface Velocity From Consecutive Sea
Surface Temperature Images

2.3.1 The Categorisation of Velocity Estimation from Satellite Imagery

The sea surface velocity field can be estimated from either a single satellite image or a

time-sequence of images of a tracer field.
There are two types of techniques for estimating velocity field from a single image:

¢ Qualitative flow trajectories analysis, in which the tracer patterns emanating from
obvious source regions are qualitatively assessed from a single image acquisition.
Flow directions (but not magnitudes) are mapped, often to observe seasonal current
fluctuations from multiseasonal image sequences (see for example Carlson [1974],

Caraux & Austin [1984], and Mulhearn [1987)).

e Inversion from a single sea surface temperature image, in which the sea surface
geostrophic velocity field is estimated from a sea surface temperature gradient map
which can be derived from a single AVHRR thermal infrared image. The techniques
differ from the estimation techniques using consecutive tracer images. This type of
single-image estimation is based on the geostrophic balance between the Coriolis
force and the pressure gradient, caused by the gradient in the density field. Here, the

surface temperature field is used as an argument of the density field rather than the

14
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tracer field as is the case of consecutive images (see for example Kelly [1983] and

Essen [1995] ).

With qualitative flow trajectories analysis, oceanographers have revealed a large
number of phenomena from remotely sensed images, especially the sea surface
temperature patterns in frontal regions, Mulhearn [1987], for example, analysed the
Tasman front with a sequence of infrared (sea surface temperature) images. However,
this technique is difficult to computerise (automate), due to the complex knowledge
involved in oceanographic interpretation of images, and, moreover, it can only yield the

direction of the sea surface velocity vectors.

Kelly [1983] formulated an inversion method to determine the along-isothermal
component of sea surface velocity from a single sea surface temperature image based on
the thermal wind equation. This model empirically related the magnitude of the along-
velocity component to the magnitude of temperature gradient using in situ velocity

measurements.

The techniques for estimating sea surface velocity field from consecutive satellite

images are the focus of this research, and they can be further categorised into two

general approaches, they are —

o feature tracking, the Lagrangian measurements of tracer field displacements, which
can be further categorised into two type of techniques — subjective feature tracking
and correlation method. The feature tracking techniques estimate current by
measuring the displacements of sea surface traceable features or patterns which
passively move along with the current. This group of approaches consist essentially
of matching the corresponding shifted (advected) tracer patterns between a pair of

sequential images by searching and identifying the correspondent features.

¢ inverse model, the Eulerian measurements using a complete tracer field, which
estimates the velocity field by least squares and requiring the estimated velocity to
satisfy certain physical equations. The most basic of these being the energy
conservation equation, which is based on the measurements of the time-differential

and spatial-gradient of the tracer field.

15



Chapter 2 Background and Overview on Oceanic Current Observation
Techniques Using Remote Sensed Imagery

The most basic assumption of both feature tracking and the inverse model is that the
tracer is passively advected by the flow field, so that the displacements of the tracer
patterns (for feature tracking method) or the temporal variation in tracer concentration

of each small spatially fixed unit (for inverse model method), reflect the movement of

the current.

The remotely sensed tracers for sea surface velocity estimation are discussed by Stow
[1988]. They are fluorescent dye, chlorophyll pigments, suspended sediments, surface
temperature patterns and salinity distribution patterns. Among these, the sea surface
temperature (SST) pattern sensed by NOAA/AVHRR thermal infrared band (11-12pum)
is most widely employed. Besides the SST, the sea surface colour difference, caused
mostly by phytoplankton pigment in the upper 5-15 m of the ocean has also been used.
For example, images from the NIMBUS Coastal Zone Colour Scanner Channel 3 (540-

560 nm) were used for surface current estimation by Garsia and Robinson [1989].

2.3.2 Early Attempts at Sea Surface Velocity Estimation from Satellite Images

The earliest efforts at sea surface velocity field estimation from remotely sensed
consecutive tracer images was termed the subjective feature tracking technique, in
which the displacements of correspondent features of tracer patterns from a sequence of

geographically co-registered images were visually identified and measured manualily.

Besides the basic assumption, i.e. that the tracers are passively advected by flow field,
the subjective approach further requires that the tracer gradient among water parcels,
and thus, the shape of sea surface tracer (e.g. temperature) patterns are not seriously
distorted within a short period, so that the correspondence of advected features on time
lapsed images can be identified and coupled. The estimations of the velocity field are
inferred by tracking the motion of distinct features of sea surface temperature patterns
on a pair of time lapsed images. The corresponding surface temperature features, on a
pair of time lapsed images, were visually identified and the displacement of the features
from one image to the next were determined by repeatedly displaying each of the

images to subjectively estimate the movement of sea surface temperature patterns.
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Using this technique La Violette [1984] estimated velocities around the Alboran Sea
gyre. Vastano et al. [1984] tracked submesoscale features of the Oyashio front from a
pair of 24 hours lapsed infrared images from the North Pacific. Koblinsky, et al. [1984]
studied an offshore eddy in the California Current system, Cracknell et al.[1987]
studied surface currents off the coast of Ireland, while, Sheres et al.[1990] also studied
the eddy, coastal jet and incoming swell near Pt Conception, California using this
technique. The estimated speeds were reported to be in good agreement with sea surface
measurements. Svejkovsky [1988], using only the most identifiable features, determined
that subjective estimates of surface velocities differ from the velocities of surface
drifters with an rms difference of 0.06 m/s. This technique was expanded on by Vastano
et al. [1985] who used the resulting velocity vectors to derive a two dimensional stream
function expression for the advective surface velocity field. Invoking geostrophy, they
further inferred a sea surface topography to match the stream function derived from
satellite image estimated velocity vectors. The resultant “dynamic topography” provides
a high spatial resolution synoptic sea surface elevation estimation which can possibly be
compared with surface topography measured using satellite altimetry. This research
showed the potential for simultaneously using satellite imagery data and altimeter data
in sea surface current or topography estimation through data-model assimilation.
However, the velocity vector estimation, the basis of this scheme, was still based on the

manual subjective feature tracking technique.

The disadvantage of the subjective feature tracking technique is its time and labour
intensity. This technique is completely subjective in the selection of surface temperature
features. So, the reliability of the results is subject to the operator’s ability to locate the
same features in each of the sequential images, and their oceanographic knowledge,
which may be involved in the interpretation of the correspondence among advected and
distorted features. However, the involvement of human knowledge can avoid significant
unreasonable estimates which is the main advantage over the so-called objective
estimation methods (e.g. Maximum Cross Correlation (MCC), and the inverse model
method, which will be discussed further through out the remainder of the thesis). Visual
inspection of the images results in an overall impression of the pattern of changes in the

image pairs, forcing the search to be restricted to only “reasonable” areas and reduces
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the chance of grossly incorrect displacements. Rotation in features can also be followed
more easily by eye [Tokmakian et. al. 1990], and it is unlikely that these human

capabilities can be fully simulated by computers in the near future.

2.3.3 The Maximum Cross Correlation Method

To be able to process large amounts of data and eliminate the inherent human bias
(which is the one of the primary purposes of objective estimation), many methods were
promoted to achieve an automated and operator independent advective velocity
estimation computational procedure. The conventional objective estimation schemes for
mapping sea surface velocity fields from consecutive satellite remote sensed thermal
infrared images, can generally be categorised into two main approaches, objective

feature tracking techniques and inverse models based on the thermal conservation

equation.

The most widely used algorithm for velocity estimation, based on feature tracking, is
the Maximum Cross-correlation Coefficient (MCC) technique. The MCC technique was
originally developed for cloud motion tracking from sequential visible images of the
Applications Technology Satellite ATS-1 by Leese et. al. {1971], and was first adopted
by Emery et al [1986] to estimate sea surface advective velocities of currents of the
British Colombia coastal ocean, from a sequence of Advanced Very High Resolution

Radiometer (AVHRR) thermal infrared images.

The basic assumption of the technique is that the shape of current-advected tracer
patterns (e.g. temperature patterns) are not seriously deformed within a certain short
temporal interval, so that a pair of similar patterns in the image pair can be considered
as two shifted versions of an identical pattern. This group of approaches consist
essentially of searching and identifying the maximum cross-correlated features. Two
consecutive satellite images are co-registered to the same coordinate system. The first
image is divided into contiguous small windows termed template windows. Each
template is moved pixel by pixel through the “search window” in the second image and
compared each other, and the similarity between the feature in template window and the

features in search window are measured with correlation coefficients. Then, the region
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of the maximum correlation is selected as the shifted feature. Therefore, the
displacements is determined with the spatial lag between the centre of template in first

image and the centre of the corresponding best matching sub-image in second image.

2.3.4 The Inverse Model Method

The basis of the inverse model method is the requirement that the estimated velocity
field must satisfy certain sea surface physics principles using a least squares estimation.
The dynamic model involved in the computation can vary from case to case dependent
on the type of data employed in the estimation. Several inversion methods to infer
velocity field have been used for oceanography studies with hydrographic data (e.g.
Wunsch [1978]), altimeter data (e.g. Gaspar & Wunsch [1989] and Mesias & Strub
[1995]) and AVHRR thermal infrared images (e.g. Kelly [1983], [1989] and Kelly &
Strub [1993]). In the current research, the focus will be on the method of inferring
velocity field from consecutive AVHRR thermal infrared images. Kelly [1989]
formulated a scheme based on a two-dimensional non-diffusive thermal conservation
equation with a bi-linear representation of surface heat fluxes and vertical entrainment.
With the minimisation of the energy, divergence and vorticity the model gave a
plausible total velocity field. The basis of this method is the temperature conservation
equation, which was simplified in this application as (e.g. Kelly [1989]) —

of  ¢ér ¢ér
——=u—+v—+3S.

a & &
where T'is the sea surface temperature, ¢ stands for time, # and v are the components of
sea surface velocity vector in x direction and y direction respectively, S is a term

containing the temperature variation due to the non-advective physical processes.

The equation describes the basic physical processes which cause the change in thermal
energy content for a spatially fixed small unit on the sea surface. The left hand side of
the equation is temperature change with respect to time, and the first and second terms,
on the right hand side of the equation, are the advection of thermal gradient, i.e. the
temperature change of the small unit caused by advection, while the third term models
the entrainment of water from below and the affects of surface air-sea heat fluxes. In

this approach, the thermal energy variation caused by horizontal and vertical diffusion
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was considered to be negligible, and the heat exchange due to the entrainment of water
from below and air-sea heat flux were considered to be of a much larger spatial scale

than that caused by advection.

The study area is divided into a grid of units and the velocity of each unit is required to
satisfy the simplified temperature conservation equation. However, with thermal
conservation equations alone, the total velocity field cannot be estimated. The equation
for each unit has two unknowns, two components of velocity vector in both the x and y
directions (or the magnitude and orientation of vector). It is an under-determined
system. The along-isothermal component (i.e. the component parallel to the local
temperature gradient) is in null space. Therefore, the system does not have a unique
solution if no additional constraints are applied. Additionally, the solution of regions

where the temperature gradient is small may be extremely sensitive to the noise of the
temporal-differential term Y and the error in the term S, the heat exchange due to non-

advective physical processes. To solve this under-determined problem and to achieve a
plausible total velocity field, additional constraints such as the minimisation of
horizontal divergence and the minimisation of kinetic energy used in Kelly’s [1989]
model, or in Kelly & Strub's [1993] model, are needed. Although this under-determined
system can be solved by incorporating additional constraints, the use of different
constraints or varying the relative size of the weighting factors among the constraints,
may lead to different solutions. Thus, it may be necessary to refer to other velocity data
and to adjust the relative size of the weighting factors among the constraints to get a
‘realistic’ estimation of the velocity field. However, the inversion method has the
advantage that, as a least squares tool, it can be employed flexibly to determine the
velocity field with different types of measurements, and to assimilate different types of

measurements within multiple physical constraints.

2.3.5. Factors Affecting the Displacement Determination, Interpretation

As was mentioned in section 1.3, due to the complexity of the ocean currents, further
investigations are required in both optimisation of the determination of displacement of

SST patterns, and the interpretation of the determined displacements.
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The factors which affect the reliability and accuracy of the determination of the

displacements of the SST patterns have been discussed in section 1.3. For the MCC

method, they are briefly as follows:
¢ The unresolved rotation, straining, and non-advective physical processes.

e The uncertainty in the determination of displacement due to the multi-peak and
elongated distribution of the correlation function. This form of distribution will be

discussed in Chapter 5.

¢ The trade-off in the selection of template window size.

For the inverse model method, these are mainly two sources of uncertainty and error:
o The under-determination of the thermal conservation equation system

e The exclusion of high frequency image components, when using the differential

form of the thermal conservation equation.

The undetected cloud contamination can further degrade the determination. The
temporal separation of the image sequence is also crucial, due to the accumulation of

the unresolved advective and the non-advective physical processes.

The problems related to the second aspect (i.e. the interpretation of the relation between

the determined SST feature displacement field and the surface current) are:

Most research has found that the displacement field estimated from consecutive
AVHRR and ocean colour images agree well with in situ data (e.g. see examples
mentioned in section 2.3.2). However, disagreements between AVHRR estimates and

other data were found in some studies. For example :

Kelly et al. [1992] found that the estimations of velocity field from AVHRR images
qualitatively agree with the in situ data and altimetry profile. The AVHRR estimates
have comparable directional accuracy to other observation techniques, however, the

estimates systematically underestimate the magnitude. They suggested that the
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underestimation of the velocity, particularly in the jets (i.e. narrow current with high
speed), is inherent in the assumptions used to derive the velocity from the AVHRR data,
rather than a limitation of a particular method. They believe that the small scale SST
features near the jet move more slowly than a water parcel. The understanding of the
physical processes which cause the underestimation may require further study based on
large number of AVHRR images and in situ data. However, in some cases, this
underestimation may be estimated statistically by comparison with other data. The
results from Kelly et al. [1992] have illustrated this possibility. Once good estimates of

the underestimation are achieved then this problem may be solved.

Besides the underestimation in magnitude, because the AVHRR thermal infrared bands
only measure the sea surface temperature in the upper 15um of the ocean, Mulharn
[1987] found that the sea surface temperature patterns cannot always distinguish the
northern edge of a ring (as in the Tasman front region) and he suggested that “when it is
close to the front, since a ring may only pinch off beneath the surface. A ring close to

the front often interacts with it, forming a meander at some times and at other times

pinching off™.

These two examples illustrate the limitations in the estimation using consecutive
AVHRR images. However, on the other hand, the difference between the movements of
SST patterns measured using AVHRR images and under-surface currents measured by
in situ data, may reveal the difference between the surface and the deeper layer of the
ocean currents, and it may improve our knowledge of the physical processes of ocean

currents. Therefore, this should not be regarded as a disadvantage of the AVHRR data.

The better understanding of these differences (ie. the difference between the movements
of SST features and the water parcel in Kelly et al. study [1992], and the different forms
of a ring in Mulharn's study [1987]) is also subject to the improvement in the reliability

and accuracy of the SST feature displacement determination.

The work described in this thesis focuses on the investigation of the strategies to

improve reliability and accuracy of the determination of the SST pattern displacements.
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The reasons for why the current techniques need to be improved will be discussed in

Chapter 5.

To improve the reliability and accuracy of displacement determination, a two step
multiple-information global matching algorithm is proposed. It is based on the
relaxation labelling method and the jointed-patch least squares matching method. In the
proposed algorithm, a reliable estimation of the displacement field is firstly yielded
using a relaxation labelling technique by integrating the correlation information and the
contextual information of the velocity field. Then the estimated field is further refined
using a jointed-patch least squares matching technique. The algorithm is proposed to
optimally integrate related information, where, spatial consistency and compatibility
among the neighbouring grid points under certain constraints, are introduced into the
estimation, and to maximise the resolution of the displacement due to rotational motion

and the deformation of SST patterns in consecutive images.

As Tokmakian et al [1990] have commented, the objective methods do not use the
benefits of human sight. Basically, the objective methods eliminate the use of visual
estimation from the over-all SST pattern movement. Even the most advanced, current
computer pattern recognition techniques cannot simulate human vision sight. However,
the optimum use of available information and knowledge will certainly improve the
reliability of estimation. Details of the algorithm developed as part of this research and
the results, will be provided in Chapters 6 and 7 respectively.

2.4 The Value of the Displacement Field Determined from AVHRR Images

Like any other observation technique, the capacity to determine sea surface velocity

from consecutive satellite images is limited by a number of factors that are inherent in

the data.

The first limitation in the determination of ocean velocity field is that both the feature
tracking methods and inversion methods, combined with a thermal conservation
equation, are limited in application to the regions of relative strong SST gradients or

strong phytoplankton concentration gradients, when using AVHRR thermal infrared
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images or ocean colour images, respectively. Fortunately, most dynamic regions, such
as the Gulf Stream, Kuroshio and East Australia current, are associated with strong sea
surface temperature gradients, and along coastal regions, rich ocean colour patterns,

caused by phytoplankton pigments, can usually be found .

The second limitation is that the electromagnetic radiation measured by the optical
sensors barely penetrates the sea surface. Apart from the visible blue wavelength, which
may penetrate up to 30 m depth, the satellites observe only the surface skin of the
ocean. In particularly, the AVHRR thermal infrared bands (11-12um) only measure the
sea surface temperature in the upper 15um of the ocean. Compared with AVHRR
thermal infrared images, the ocean colour images from the NIMBUS Coastal Zone
Colour Scanner Channel 3 (540-560 nm) which measures the sea surface colour
difference caused mostly by phytoplankton pigment have the advantage of representing
the upper 5-15 m of the ocean (e.g. Tokmakian et. al. 1990).

The third limitation is that visible and thermal infrared electromagnetic radiation cannot
penetrate clouds. Therefore, the continuous observation of surface circulations with
techniques based on these images are further limited by the cloud cover conditions of
the study area. This problem is particularly serious in tropical and polar regions. For the
Tasman front region 30° S - 38° S and 150° E - 158° E, 3 months statistics of the cloud
maps from newspapers shows that approximately 3.8 days per month are relatively
cloud free, which agree with the statistics shown in Mulhearn [1987]. Considering that
a large amount of variability is found at temporal scales over 100 days (see Figure
2.1a), the images at this coverage frequency are still valuable tools for tracking most of

the variation.

Besides these three limitations, the image-derived displacement field represents a
combination of both the geostrophic mean and shorter-term wind-driven surface current
[Cracknell et al. 1987]. Therefore, we should be aware that the displacements
determined from consecutive AVHRR images may also include the drifting of sea

surface features.

24



Chapter 2 Background and Overview on Oceanic Current Observation
Techniques Using Remote Sensed Imagery

Although, the application of the visible and thermal infrared band images in ocean
circulation observation is limited by the intensity gradients of features, cloud coverage,
and the thin penetration, they can provide an intuitive, high resolution, synoptic view of
horizontal structures of currents. This is the unique advantage of sea surface colour and

SST images over other observations.

The positive aspect of the limited penetration of AVHRR data should also be noted, as
has been discussed in section 2.3.5.. In some situations, the current may have a different
form on the surface from that at a deeper layer as reported by Mulharn [1987]. Due to
the thin penetration, the different formats of the current on the surface and at deeper
levels can be revealed by comparing the displacement determined from AVHRR images
with the ship borne data measured at deeper layers. In this sense, the limited penetration

has its value in such studies.

Therefore, the question is not whether the SST image is useful for velocity field

estimation but how to use them appropriately.

2.5 Summary

Currently, there are two types of observational data available for sea surface current
determination from space-borne remote sensing systems and one available from

airborne system. They are respectively

o satellite altimetry sea surface topography which can provide measurements of sea

surface height gradients and geostrophic currents.

e consecutive SST or sea surface colour images, where the velocity field structure can
be determined from either the displacements of SST/colour patterns (the feature
tracking method) or the variation in energy concentration of a spatially fixed unit

based on the energy conservation equation (the inversion method)

e radar interferometry images which can provide radial velocity components of sea

surface currents
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The velocity field derived from AVHRR images or sea surface colour images can
provide a high resolution, synoptic view of the structure of surface currents. Previous
research has shown that oceanic dynamic variabilities of the scale of 50-500 km,
especially the variability at a scale of 100 km and frequency of about 100 days, carries a
large amount of energy. Therefore, the AVHRR/ ocean-colour images are very valuable

data for the observation of fine structures of these variabilities.

Due to the limited penetration of the electromagnetic radiation measured by AVHRR
thermal infrared bands, the displacement field determined from SST images has also
value in revealing the different form of currents on the surface and at depth, by

comparing it against other data measured at different depths.
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Chapter 3

The Basis of Maximum Cross Correlation Method

and Previous Research

3.1 The Basis of the MCC Method

This group of approaches consists essentially of searching and identifying the maximum-
cross correlated subareas on a consecutive image pair. Two consecutive satellite images
are corregistered to a co-ordinate system. The first image is divided into contiguous or
partially overlapping small windows termed template windows. Each template is moved
pixel by pixel around a much large “search window” in the second image. The centre of
the search windows coincide with those of corresponding template windows at initial
position. The cross-correlation coefficients between the template window and each

subarea of the search window covered by the template are then calculated with the

following equation (see Wahl et al., 1990, for example }—

;Z}[pa,f)—E,,l[s<i+n,f+a>-—Es(n,a)]
Pp(M.E) = MM, (3.1)

Where, (ij) and (i+n,j+¢&) are the co-ordinates relative to the centre of each search
window (also the centre of the template window), P(i,j) and s(i+7,j+£) are the intensity
function of the template and the subarea with spatial lag (7, &), Eg(7,£) is the mean of
grey-level value of the subarea, and Ep is the mean of grey-level values of the template
window, n and m stand for the number of rows and columns of the template (also the

subarea) respectively, My and Mp are the standard deviations of the subarea and the

template window respectively. They are given by

M, = \/ZZ[s(H 1,7+ &) - Ey(n,&)

i=1 j=1
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and

M, = [>. 2 [pG.)~ B,

n
i=1 j=l

search window in second
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hatched template

template window

in first image

«—template window grid

(a)

1 search window in
second image

(itmj+&)

subarea with spatial
lag (n.&)

1) ™~ spatial lag

template window in
first image

(b)

Figure 3-1 (a) The overlap between template window (first image) and search window
(second image), (b) The relation among template window, search window and the
spatial lag between template window and sub-search-window.

By this definition, the cross-correlation coefficient, p , -1 < p > 1 is a function of spatial
lag (7, &),. If the signal in the subarea is an exact spatially lagged version of the signal in
the template window, the correlation coefficient at this spatial lag will be the maximum
value 1, and the coefficient will drop as the signals become more dissimilar. Hence, the
cross-correlation coefficient is a measure of the similarity of two signals at a given lag.

By moving the template window pixel by pixel throughout the search window and
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calculating the cross-correlation coefficient at each position (7,£), the MCC method
assumes the subarea of the maximum cross-correlation coefficient to be the shifted
version of the feature contained in the template window. The average velocities of each
template window are then calculated from the spatial lag between the centre of the
template and the centre of the corresponding best correlated subarea and the time

separation between the images, as follows —

) e ) 62

where 7Jmax and émax are the spatial lag of maximum correlation, Ax and Ay are the
pixel size in the row and column direction respectively, and Ar is the time interval

between consecutive images. The direction of motion @is given by

0= arctar{w) (3.3)
Monax * A%

In most previous research, a square template was generally used. The choice of the size

of the template window and the search magnitude of search radius will be discussed in

section 3.3

Due to possible strong rotational motion and straining of current systems, the
homologous features on sequential images are generally more or less deformed, which
will consequently decrease the ability to determine the correlation between consecutive
images. To eliminate erroneous determinations of correlated images, the estimated
vectors are examined by a threshold of the correlation value, and optionally, also

examined by an additional consistency threshold (i.e. spatial next-neighbour filtering).

To improve the correlation accuracy, in some MCC schemes (for example, Tokmakian et
al. [1990], and Kelly et al. [1992]), a high-pass filter was applied to SST images before
the cross correlation computation (see Emery et al. [1986] for example), or the SST
gradient images were used in the correlation computation. These applications are

discussed in following sections.
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3.2 The Use of Feature Enhancing Pre-processing

Previous research has shown that the success of feature enhancement pre-processing may
vary from case to case. Emery et al. [1986] successfully determined sea surface velocity
field using MCC method from a sequence of temperature gradient images computed
from AVHRR thermal images. The temperature gradients, |7 (xy)l were computed
using a unweighted central difference, the magnitude of which is given by :

1

|7 (x, )| = V240){[T (x = 4, y) = T(x+ Ak, Y)F +[T(x, y = Ah) =T (x,y + AW)]}? (3.4)

where x and y are the coordinates of the pixel, 7 is the temperature of the pixel 44 is the

distance between two pixels.

Garcia & Robinson [1989] estimated velocities directly from visible Coastal Zone
Colour Scanner (CZCS) images without preprocessing. Wu et al. [1992] found that the
gradient images were distinctly noisy, and did not produce more coherent velocity fields
than those computed directly from SST images. Emery et al. [1992] found that, for the
series of images of the Gulf Stream, the use of gradients did not yield meaningful results.
The reason is probably due to the weaker SST gradient of the eastern Pacific compared
with those found in satellite images from the western Atlantic used by Emery et al.
[1986]. Tokmakian et al. [1990] compared MCC velocity estimation from raw SST
images, the images pre-processed with a 23x23 running average high pass filter, and the
SST gradient images. Their test showed that the estimations from raw SST images were
of lower difference (between estimated velocity and a control data set), and gave the
highest maximum cross-correlation value compared with the other two types of images.
Use of high-pass filtered images produces similar difference (between the estimates and
control vector set) to those determined from raw SST images, except all cross-
correlations were lower in value, while the use of SST gradients resulted in not only

lower maximum cross-correlation values but an increased difference as well.

It is worth noting that all of the above estimations and tests were based upon the MCC
computed with non-rotational and fixed-shape templates. Kamachi [1989] developed and
tested a MCC method with rotational registration (computed cross correlation with

rotational fixed-shape template). In his study, the comparison of the resultant velocity
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field from raw tracer images and their gradient images showed that the use of the
gradient filter improved estimation significantly (in the case of computing cross

correlation with rotational registration).

These previous works show that the benefit of using feature enhancing pre-processing
may vary from case to case, apparently depending on the strength of the gradient and
spatial spectrum of SST signal. It seems also to be related to the cross-correlation
computation method. In other words, it depends on whether the unresolved rotational
motion and deformation is large enough to distort the distribution of correlation value

computed using a simple non-rotate and fixed-shape template.

3.3 The Template Window Size and Search Radius

The principal criterion in the determination of template windows size is that the
windows should be large enough to contain sufficient information, but small enough to
resolve the important mesoscale motion structure, such as the jets. The optimal size may
vary from case to case, according to the spatial scale of SST features and the
enhancement pre-processing. Therefore, the size of the template used in previous
research was found to be quite diverse. Emery et al. [1986], for example, applied a 22x22
pixel template window directly to the satellite infrared temperature (the raw SST)
images, but the weak cross correlation maxima yielded incoherent velocity patterns.
When a template of the same size was applied to the SST gradient images, the MCC
method resulted in a generally spatially coherent vector field. Garcia & Robinson [1989]
applied a 20x20 pixels template on a series of CZCS images. The choice of the size of
the template in their study was guided by an examination of the histogram of maximum
cross correlation. The 25x25 pixels templates were applied on SST images pre-processed
with a cosine high pass filter with wavelength of 30 km (equivalent to about 28 pixels for
AVHRR images) in Kelly & Strub’s study [1992], while Wu et al. [1992] and Tokmakian
et al. [1990] applied larger templates on raw and high-pass filtered SST images. They
were 32x32 pixels and 50kmx50km (1.1 km per pixel for AVHRR images, and it is
equivalent to about 45x45 pixels) respectively. The tests of Tokmakian et al. [1990]
showed that smaller 25 kmx25 km (about 22x22 pixels) templates produce unacceptably
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high difference between estimated velocities and field data and thus 50kmx50km
templates were used. Emery et al [1992] found that increasing template size partially
addresses the problem of the weak variability in the central thermal structure of
mesoscale eddies associated with the Gulf Stream. Results showed a much more coherent
velocity field of a cold-core ring with 30x30 pixels templates compared with those with a
15x15 pixels template. Kamachi [1989] concluded that the optimal template window size
for the MCC method with rotational registration is approximately the eddy diameter

between the maximum velocity points.

These previous works show that the choice of template size is determined on a case-by-
case issue. It basically depends on the spatial scale of the patterns being dealt with.
Generally, the larger template contains more oceanographic information and so has a
better chance of containing distinctive features. Consequently, it yields a relatively
reliable estimation. However, the estimated velocity is derived from the window
averaged spatial lag between the template positions in the first image and the targeted
sub-image in the second image. While the sea surface velocity field may contain some
important small or narrow structures, such as jets, they may only be 20-40 km in width.
An increase in template size may sacrifice structural accuracy. Furthermore, for the non-
rotational fixed-shape template, increasing the size may also decrease the cross-
correlation value due to the unresolved rotational and straining motions and consequently
increase the chance of mis-estimation. Ideally, increasing the template size should not
change the cross-correlation between a signal and its purely shifted version. Therefore,
the choice of the template size is seen to be a trade-off between containing sufficient
traceable SST features and resolving smaller motion structure. The advantage in this
regard of a least squares matching technique, with joined flexible templates, will be illustrated
in Chapter 7.

The selection of a search radius is determined by the possible maximum velocity of the
study region, time interval of the consecutive images and the template window size. It

can be approximately determined as

Lg=2Vipgx AT +L; (3.5)
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where L denotes the length of the search window of each direction, vy, stands for the

possible maximum velocity in interest area, AT is the time interval of the consecutive

images, and L; is the length of the template window. Tokmakian et al. [1990] found that

the large search radius may also increase the chance appearence of multi-correlation-
peaks which may lead to mis-interpretation. They suggested solving this problem with

more intelligent search strategies.

3.4 The Previous Studies on Rotational Effect

Kamachi [1989] examined the limitations of the MCC method for flow fields with
rotational motion. He tested both the cases in which eddy size was much smaller than the

radial displacement and also when the eddy size was larger than the radial displacement.

For the case in which the eddy size is much smaller than the radial displacement, the
MCC algorithm with non-rotate and fixed-shape templates treats such eddy (usually the
eddy is smaller then the template) as a particle in the large scale oceanic flow field.
Kamachi examined the effects of the rigid-body rotation, straining motion and diffusing
on the cross-correlation coefficient with ideal images. His investigation showed that the
cross-correlation coefficient decreases as unresolved rigid-body rotation increases. When
the angle is smaller than 50°, the correlation coefficient of two rotated homologous
features is larger than a typical correlation value significance threshold of e.g., 0.4
[Emery et al.,1986]. The investigation also showed that unresolved straining motion
decreased the cross-correlation. The investigation on the effect of diffusion showed that
it changes the tracer distribution without change to the horizontal shape, and
consequently its effect is almost insignificant. The superimposed effects of rotation and

deformation makes the detectable time interval more restricted.

In the case of a large eddy flow, where the size is equal to or larger than the radius of
deformation, the eddy cannot be regarded as a particle in the flow field. To resolve the
rotational motion Kamachi developed the so-called “MCC method with rotational
registration”. The algorithm resampled corresponding sub-areas in the second image with
a rotational window before cross-correlation computation. Investigation showed that,

with rotational registration, the rotational motion for the flow fields larger than the radius
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of deformation could be detected, and the use of this method made possible the adoption
of sequential images with longer time separation. They also found that small increases in

the rotational step, improved the estimation accuracy.

This test provided support for the conclusions of Vesecky et al. [1987]. In an
investigation of rotation and deformation of sea ice with synthetic aperture radar images
he stated that rotations of greater than 15° reduced the capabilities of the MCC search.
The necessity for rotational motion to be resolved in the MCC method is also supported

by Tokmakian et al. [1990].

Although, most researchers are aware of the effect of unresolved rotational and straining
motion, the rotational registration method has not been widely adopted. The reason for
this may be as claimed by Kelly et al. [1992]. Firstly, Kamachi’s [1989] rotational
registration method is based on a brute force (cover-all) search strategy. Therefore, the
additional rotational search made the slow MCC search process even slower. The
computational expense prohibited its widespread use. The second drawback suggested by
Kelly et al. [1992] is that additional searches increase the chance of erroneously high

correlation.

3.5 The Effects of Non-Advective Physical Processes

For two dimensional incompressible flow in an oceanic, well mixed layer

(ie. —% << %or 3 ), the thermal energy variation of a spatially fixed small unit on the

sea surface can be expressed using the thermal conservation equation, in the following

form [Wahl et al. 1990] —

or or | &°'T
—=4,-V,T+k,ViT+ Wtk 5 o

~ ~+8S (3.6)

Where 7 is temperature, ¢ stands for time, #, is the horizontal fluid velocity, w is the
vertical velocity component, S is the sum of individual heating source and sink term and

ky and k, are horizontal and vertical eddy diffusivity respectively. The first term on the

right hand side of the equation is the thermal energy change caused by advection, the
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second term is the contribution of horizontal diffusion and the third term models the
effects of heat exchange with the atmosphere and vertical mixing. The first two terms are
respectively the thermal energy change due to the horizontal advective motion and
diffusion, the third is change due to vertical advection, the fourth is due to vertical

diffusion, and fifth is mainly due to the air-sea thermal energy change.

Wahl et al. [1990] quantitatively analysed the sensitivity of SST image-derived velocity

due to non advective processes, with idealised models, and found that —

The vertical mixing was strongly related to the sea surface wind speed. Over most of the
world’s oceans, and during most of the year, the mean wind speed is generally less than
10 ms” and under these'conditions, SST is largely determined by diffusion and air-sea
exchange. At high wind speeds, intense vertical mixing can occur and the thermal
gradient pattern can be destroyed. Under these conditions, valid estimates of near sea

surface velocities cannot be obtained from a time series of SST images.

The effect of diffusion i critically dependent upon the turbulent diffusivity and the
temperature gradient. Based upon the work of Okubo and Ozmidov [1970], the desired
range of turbulent diffusivity is 0.1 < kg < 10 m%/s. For these values of ky and for the
typical temperature gradient range of 0.2° <V,7 < 1.0° C/km, diffusion has little or no
effect on the correlation function structure. This evaluation agreed with the results of
Kamachi [1989]. For higher values of kz (>100 m?s), there is pronounced degradation in
correlation. Also, if the separation of image sequence exceeds 24 hours, the importance

of diffusion increases.

In the absence of cloud cover, atmospheric heat exchange at the sea surface is spatially
invariant over a few degrees of latitude. Ideally, the effect of spatially invariant heating
may be de-meaned during the correlation computation. However, the magnitude of the
heat exchange is not a constant over time of day and season. This temporal variation,
coupled with the mean advective flow, can complicate velocity estimation from SST
images. Wahl et al. [1990] tested this effect on a series of synthetic images generated

with idealised heating and advection models, showed that the correlation for pure

35



Chapter 3 Basis of Maximum Cross Correlation Method and Previous Research

advection tends to asymptotically approach zero, whereas, coupled with spatially
invariant heating, the correlation converges to zero with damped oscillation when spatial
and time lag increases. The test also showed the seasonal dependence of this effect. The
initial rate of decrease in correlation in summer is greater than that in winter which is

consistent with the fact that the diurnal heat exchange in summer is greater than that in

winter,

Regional spatial variation in heating at the sea surface is caused by the attenuation of
radiative fluxes by clouds. The spatially and temporally uneven cloud coverage during
the time interval spanned by two cloud free images causes spatially variant thermal
exchange. The uneven heating changes the original SST structure perceived in the first
image. Consequently, it may influence the calculation of the sea surface velocity. During
the day, when the shortwave flux dominates the heat budget, clouds have a spatially
variant cooling effect on the sea surface thermal structure because of the backscattering
of the incoming solar radiation. The long wavelength radiation emitted from the sea
surface is absorbed by clouds, and partly reradiated back to the sea surface, which
enhances the spatial variation in heat exchange. Both the magnitude and structure of the
spatial heat flux variation are functions of cloud type and amount. Cirrus clouds tend to
be higher and less structured than stratus clouds. They attenuate less incident solar flux
than stratus clouds, because they have smaller surface area and absorb less long
wavelength flux from the sea surface than stratus clouds, and also because they contain
less water vapour. Examinations showed that the cirrus clouds do not significantly alter
the spatial and temporal correlation in both summer and winter, whereas stratus clouds
can drastically change the correlation scale spatially and temporally. Therefore, this

effect may interfere with the interpretation of thermal gradient advection.

It should be noted that, although most researchers are aware of the effect of sea-air heat
exchange on velocity estimation, proper calibration was not applied in their studies. The
reason for this may be as follows. Firstly, as the competing mechanisms, such sea-air
heat exchange, are strongly dependent on temporal separation, Emery et al. [1992]
suggested that over shorter time intervals between images, where the MCC method was

demonstrated to be more reliable, these competing mechanisms are less likely to be
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significant contributors to the change in SST. Therefore, shortening the time separation
of image sequence may be an efficient way to control these effects. Secondly, the proper
calibration on these competing mechanisms may also be prevented by their complexity.
For example, the calibration of the effect of surface heating and cooling requires
information on the cloud type, spatial scale, location, cover period, and the knowledge of
atmospheric heat exchange and diurnal heat exchange. Furthermore, an important
question still remains open — do these thermal exchanges merely produce an overall bias
or do they have a smaller scale impact, leading to significant mesoscale change in the
infrared SST pattern [Emery et al. 1992]. It should be noted that it is impossible to
correct for air-sea heat exchange, and further that short time intervals between images

can also be a problem as they filter out small velocities.

3.6 The Correlation Computation and Search Strategy

The cross-correlation coefficient can be either computed directly using the equation 3.1
(see for example, Emery et al. [1986]), or using fast Fourier transform (FFT). Ninnis et
al. [1986] applied the FFT algorithm for correlation computation in pack ice motion
estimation from AVHRR images. Collins et al. [1988] also employed FFT for correlation
computation in ice motion estimation from synthetic aperture radar (SAR) images. The
FFT method is faster but imposes two restrictions. Firstly, for the highest efficiency,
window sizes must have dimensions of powers of 2. If the window does not fit this
criteria, it must be padded to expand its size to the next power of 2. The second
restriction is that all of the values contained in the window must be used, [Emery ef al.
1992], whereas, in most cases, the images are more or less contaminated by bulky or
broken cloud. These contaminated pixels must be masked out of the correlation
computation. Therefore, the FFT correlation computation has not been widely employed

in sea surface velocity estimation.

The search strategy in the MCC method are based on a brute force, in which the template
moves pixel by pixel throughout the search window, calculating cross-correlation values
at each position, then the maximum is chosen. Kelly et al. [1992], using a two step

coarse-to-fine search strategy, improved search speed by a factor of 8. However, in
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comparison to the MCC brute force method, the search efficiency can be further
improved by a search strategy approach as is employed in the joint-patch least squares

matching scheme (see chapter 7 for example).

3.7 The Correlation Significance and Vector Spatial Consistency
Examinations

The low correlation caused by unresolved advective and non-advective physical
processes such as rotational motion, straining and spatially variant thermal exchange may
lead to erroneous estimates of velocity vectors. Thus, the estimated vectors must be
examined with a correlation significance threshold. Many researchers found that the
significance test alone may not be sufficient to eliminate erroneous estimates for some
cases. Therefore, a vector consistency test was applied on estimated vectors after
correlation significance examination (see, for example, Kelly et al. 1992 and Emery et al.

1992).
Two different methods were used in correlation significance threshold determination.

Tokmakian et al. [1990] empirically determined the significance threshold by applying
the MCC method to images separated by approximately one year, assuming all
correlations between the images to be random. The threshold was determined at the 95
percentile value, for all of the maximum correlations found between the images. Kelly et

al. [1992] used a similar method to' determine the significance threshold.

The significance threshold can also be determined based on a statistical method, such as
that described by Kreyszing [1970], which was employed by Wu et al.[1992]. For
estimated correlation p of a template of N degrees of freedom, there exists a ¢-distributed
variable, such that:

(= {J_:C-J—ZZ— (.7)
The probability distribution of P(¢ < ¢)=1-« gives a measure of the probability that two

signals with a cross-correlation p and N degrees of freedom are not significantly
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correlated, when the corresponding variable 7 is smaller than a threshold ¢, where, 1-« is
referred to as the confidence level, or according to Wu et al. [1992], a is the significance
level (for example 1%, 5%, 10% etc). Given a significance level a, the threshold ¢, can
be determined. The correlation value p, corresponding to threshold ¢ can be inversely
calculated from equation (3.7) with # = ¢, and N degrees of freedom. Then, p. is taken as
the threshold of the significance test. If the maximum cross correlation of a search area is
lower than this threshold, the correlation between template and the sub-image in the
second image is considered as insignificant, and therefore the estimated vector should be

rejected.

The principle behind this method appears to have been employed by Emery et al. [1986],
Wahl et al. [1990], Emery et al.[1992]. However, the method of determination of degrees
of freedom (DOF) was different to that used by Wu et al. [1992].

In time series analysis ( see Haykin 1983 for example), for an uncorrelated sample set,
the degrees of freedom N is the sample size minus 2. However, when the elements within
the sample set have a certain degree of correlation, N is a measure of the number of
equivalent independent samples, and its value relates to the auto-correlation of sample
set. For the case of one dimensional signal analysis, DOF is defined as the total length of
the time series divided by the decorrelation time 7 For a time series S(¢), as the time lag
At increases, the correlation between S(¢) and S(#+4¢) decreases. Decorrelation time is the
time lag for the time series becoming uncorrelated. The % can be determined from the
autocorrelation of the time series such that, for any time lag =>7 , the magnitude of the
autocorrelation function falls below some prescribed value. However, for a two
dimensional signal, an equivalent method for the determination of DOF does not seem to
have been established [Wu et al. 1992]. Emery et al. [1986], Wahl et al. [1990], Emery et
al.[1992] determined the DOF as follows:

_ total number of the pixels in a template

1 (3.8)

where the / is the average decorrelation length. The average autocorrelation matrix of all

templates was computed, then the average length from the autocorrelation centre to the
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first autocorrelation zero crossing (i.e. the curve autocorrelation variable equals zero) on

the both X and Y axes, are employed as the average decorrelation length.

By making an analogy to the 1-D time series analysis, Wu et al. [1992] proposed a
decorrelation measure termed the decorrelation area (DCA) for 2-D data analysis. The
DCA is defined as one fourth of the area, which centres on the autocorrelation peak, and
within which the magnitude of the correlation function is above a prescribed value. The
reason for DCA being one fourth of the area is that an autocorrelation function is centre-
symmetric. Then, the DOF was determined by

_ total number of the pixels in a template

= - (3.9)

where d is the DCA in number of pixels.

Wu et al. [1992] tested the estimated MCC velocity field with the correlation significance
threshold computed with both Emery’s et al. [1986] method and their own method, and

found that the threshold value calculated with Emery’s method is too low in some cases.

Many researchers found that the correlation significance test alone cannot sufficiently
eliminate all mis-estimates. Therefore, a vector coherency test was applied to the
estimated velocity field after the significance test. The test assumed that the velocity field
varies smoothly from grid to grid. Kelly et al. [1992] tested a vector field with a 3x3
subgrid. The vector that differed from its subgrid mean by more than 3 standard
deviations was replaced by a new vector calculated by searching a smaller region around

the mean displacement. A similar test was employed by Emery et al. [1992].

Although these tests can eliminate a large number of mis-estimates, many studies (see for
example, Emery et al. 1992) showed that many can still remain undetected. The
following study shows (see chapter 5 for an example) that in many cases the vector field
can be incoherent throughout the whole neighbourhood (i.e. there is not a smooth
transition from vector to vector), rather than there being just one or two incoherent
vectors. In these situations the coherency test may fail. Tokmakian et al. [1990], Wu et al.

[1992] and this study show that in many cases, in the cross correlation function a second
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correlation peak exists, or sometimes even multipeaks may exist. The following study
also shows that, due to the high auto-correlation along the SST pattern edges, there
usually exists a elongated highly correlated area (i.e. the corresponding cross-correlation
values along the direction of the edges are usually high, and not significantly different
from each other). This is similar to the situation when shifting a linear feature along its
direction to a number of different positions, the correlation values between the original
and these shifted versions are equally high. In other words, the motion along the linear

feature cannot be detected, if there is no other traceable features on the linear feature.

In both the studies mentioned, the test of correlation significance only provides a
measure of similarity. When the correlation function has a multi-peak or elongated
distribution, i.e. the correlation function has more than one element of correlation values
which are almost as high as the maximum, the test does not provide any confidence that
the sub-image where maximum correlation value occurs, correlates with the template
better than the remainder of the sub-images (which have correlation values almost as
high as the maximum). Therefore, in these cases, the correlation value alone is no longer
a reliable criterion, and multiple choices may exist in each grid point for some areas
(where, the multi-choices for each grid point may exist throughout the whole
neighbourhood). These situations introduce a large uncertainty into the MCC estimation.

To eliminate the uncertainty, a multi-criteria estimation is required.

These characteristics of the correlation function are the primary motivation for the
current research of developing an algorithm to integrate the correlation information and
the contextual information of the displacement field, based on a relaxation labelling
technique for velocity estimation from consecutive images. This algorithm will be

discussed and tested in chapter 6.
3.8 Evaluation of the MCC Estimation Method

The above studies have shown that the quality of estimated results depends not only on
the estimating method but also the data condition, such as the strength of deformation

and the magnitude of the gradient of the SST patterns. Thus, the quality of estimation is
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case-dependent. However, general statements on MCC estimation quality can be drawn

from the following evaluations.

Emery et al. [1986] compared MCC estimates with the drifters measurements obtained
from experiments in the same period, and the geostrophic balanced dynamic topography
derived from in situ conductivity, temperature, and depth measurements. The comparison
was supported by both these two types of in situ measurements with excellent agreement.
Garcia et al. [1989] computed sea surface velocities of the eastern English Channel and
St. George Channel with the MCC method, using 24 hours apart images from the Coastal
Zone Colour Scanner (CZCS) on Nimbus 7. The results were also found to be consistent

with the estimates from sea surface drifters.

Tokmakian et al. [1990] evaluated the MCC estimation with both quasi-geostrophic
model generated synthetic images, and AVHRR and CZCS images. The results showed
that the MCC method successfully determined the surface velocity field in some
instances and failed in others, and that the time separation of images was critical to the
estimation quality. The best separation for MCC estimation is between 4-12 hours. The
strength of the SST gradient also affected the quality of estimation. The use of rotational
registration and averaging estimated velocity field, derived from multiple image pairs,
improved the quality. They also found that the rms difference between MCC estimates
and ADCP (Acoustic Doppler Current Profiler) measurements, was much higher than the
value of 0.06 m/s estimated with the subjective feature tracking method by Svejkosky
[1988]. Some of the rms difference is due to the variability in the image data, but it may
also be due to the MCC method itself. The investigations of that study revealed a number
of disadvantages of the MCC method, when compared to the subjective method. In the
subjective method the tracking of features from one image to the next are subjectively
selected and only those most distinctive features are used. The feature rotation can also
be followed more easily by eye. Visual inspection of the images results in an overall
feeling for the changes in location, shape of SST patterns among the image sequences.
Therefore, only those “ reasonable” features are selected as the homologous feature in

the first image. In contrast to the subjective method, the MCC method removes the

advantages of human insight.
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The MCC is a simple image matching algorithm which was adopted by Emery et al
[1986] for sea surface velocity estimation 11 years ago. Logically, the more information
included in an estimation, the more reliable the results. However in contrast, the MCC
estimation is based only on local correlation values and leaves a large amount of image
information unused. Both Tokmakiam et al [1990] and Wu et al. [1992] have shown the
necessity of including more information in the estimation. Recent developments in
computer based image matching and pattern recognition techniques have provided a
number of algorithms that include multiple sources of information. Researchers in other
fields of image matching applications, such as digital terrain model estimation, have
shown that the estimation quality can be improved by properly including additional
information. These estimation schemes, which are based on relaxation labelling and
global least squares matching techniques, can easily include neighbouring information, a-

priori knowledge, and constraints based on oceanographic phenomena.

Kelly et al. [1992] compared MCC estimates to inverse model estimates, altimeter

velocity estimates and a large amount of in situ data. The main results of this evaluation

are as follows:

e The MCC and inverse model estimates are statistically similar.

e The estimates from both methods resolved the flow pattern qualitatively well.

e The AVHRR estimates were of comparable directional accuracy to other in situ data.
o There is underestimation in magnitude for both the MCC and inverse model methods.

o Both MCC and inversion estimations provided a conceptual structure of currents.

Their results basically agree with the other evaluations by the researchers previously
mentioned, except for the underestimation in magnitude found in the estimates from
consecutive SST images. They suggested that the underestimation of the velocity,
particularly in the jets, is inherent in the assumptions used to derive the velocity from the
AVHRR data, rather than a limitation of a particular method. They believe that the small
scale SST features near the jet move slower than a water parcel. The understanding of the
physical processes which cause the underestimation may require further study based on

larger numbers of AVHRR images and in situ data. However, if the underestimation is
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systematic, it may be statistically estimated and calibrated by comparisons with other

data.

Kelly et al. [1992] calculated a linear regression between AVHRR estimates # and the
GEOSAT altimetry geostrophic velocity U, = au + b and the squared correlation

coefficient, p~. They found the regression coefficient “a” was less than 1 (about 0.56 for
MCC estimates and 0.44 for inversion estimates) and that the regression results agreed
with comparisons among AVHRR estimates and other in situ data. Therefore they
concluded that the AVHRR velocities were underestmated. Logically, they have implied
that there is a systematic relation between AVHRR velocity estimates and altimetry

velocity (i.e. the linear relation # = au + b in that case), and that this relation is

statistically significant, otherwise, the regression and the conclusion based on the

regression were not meaningful.

If a systematic relation does exist and is significant, the regression equation % = au + bis

itself the calibration equation in that case. Although it was not explicitly declared and
discussed in their paper, they have in fact promoted a possible method for

underestimation examination and calibration.

From their study (i.e. Kelly et al. [1992]) we can learn as follows:

¢ the estimates may need to be carefully tested with data from other sources such as the
altimetry velocity and drifts.

e if a systematic bias exists, it must be separated from random errors in velocity
estimates and treated differently from the random error, when assimilating AHVRR
estimates with the data from other sources. Otherwise, the assimilation results will be

biased.

3.9 Summary

The estimation of sea surface velocity field from consecutive AVHRR thermal infrared
images using the MCC technique have reported varying success. The factors which may

affect the estimation quality come mainly from two sources:
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Firstly, the mis-estimations caused by physical processes which are not resolved in the

MCC estimation model.

e The sea surface temperature pattern advected by the velocity field consists of the
superposition of translation, straining motion and rotation instead of purely
translation. However, the MCC technique which tracks the motion of feature with the
non-rotated fixed-shaped template, implicitly assumes that the sea surface temperature
pattern is a rigid body, and the spatial displacement of features are driven only by the
non-rotate advective process. With a non-rotated fixed-shape template window, the
displacement caused by rotation and deformation cannot be resolved, thus, decreasing
the cross-correlation corresponding to a correct SST feature pair, and introducing the

chance of a mis-match.

e Non-advective physical processes such as spatially variant heat exchange and
diffusion, change the intensity gradient of the sea surface pattern, and superimpose an
additional decrease in correlation, and these effects depend critically on their scales

of processes.
These effects can become more serious with an increased time-separation.

Secondly, the MCC method is a simple image matching algorithm. To estimate complex
sea surface velocity field from SST images, more sophisticated pattern recognition and
image matching techniques many be required in many cases. The main sources of mis-

estimation, due to the simplicity of the MCC matching scheme, would be as follows:

The sea surface temperature pattern tends to be dominated by large scale features such as
jets, and rings. The temperature gradients within these features are usually relative
weaker, sometimes even isothermal. Consequently, the templates located on edges show
high auto-correlation along the isothermal direction, while the templates located within
features generally have a very low signal to noise ratio. This leads to a number of trade-
offs in the computational scheme design, such as, in the template window size selection,

between requiring the template to contain sufficient traceable features and to resolve
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small motion structures. The difficulties in the correct selection of these parameters may

consequently cause mis-estimations.

Furthermore, multi-peaks in the cross-correlation function have been found in anumber
of sea surface velocity estimations (For example see Wu et al. [1992] and Tokmakian et.
al. [1990], and other image correlation applications (For example see Lin. Z. J. [1988]).
This indicates that velocity estimation using the maximum cross-correlation alone as a
criterion, is not reliable in many cases. The uncertainty due to multi-peak and elongated

distribution of correlation function will be illustrated and discussed in chapter 5.

Besides these error sources, the undetected cloud can also cause erronecous estimations

and these will be discussed in Chapter 4.
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Chapter 4

Partial Cloud Contaminated Pixel

Detection with Forstner Operator

4.1 Introduction

Cloud contamination of sea surface temperature images is a major source of error in
estimation of sea surface velocity from consecutive AVHRR thermal infrared images.
In particular, the partially cloud contaminated pixel is difficult to detect with simple
static temperature threshold methods. A multi-criteria algorithm based on the Forstner
operator is proposed in this chapter to remove this effect from AVHRR thermal infrared
images. In the algorithm, both the local gradient spatial structure and intensity structure
are measured, and tested with three thresholds. This algorithm is not only sensitive in

cloud detection, but also effective in preventing mis-interpretation.

Clouds dominate the errors introduced into satellite observation of Sea Surface
Temperature (SST). Thin clouds and sub-pixel clouds require most consideration,
particularly, cirrus clouds which are much colder than the sea surface. Even small
amounts of undetected, scattered cirrus clouds can add large errors to estimates of SST
(Stewart 1985, Simpson et al. 1990). In turn, the error in SST leads to erroneous
estimates in velocity field from consecutive SST images. A number of automated
schemes for detecting cloud contamination from multiple channel data have been
developed (e.g. Saunders 1986, Simpson et al. 1990). Generally, the multiple channel
cloud screening schemes are more capable of distinguishing between contaminated and
useful pixels, than detecting contamination in a single channel. However, in our study,
only the thermal infrared channel images (AVHRR channel 4) are available. Therefore,
multi-channel cloud screening is not possible. This is the primary motivation for

developing this algorithm. However, the proposed algorithm has also a general value
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since the usual multi-channel techniques can fail in discriminating cloud edges from

surface thermal structure by night, or for day time images in the case of sunglint.

Massive bulky clouds are generally much colder than the underlying sea surface.
Therefore, these cloud pixels can be detected and masked from AVHRR thermal
infrared image with simple temperature thresholding methods. When the image covers
a large spatial region, clouds in a high latitude portion of the image may be warmer
than the water in low latitude parts. In this case, the image can be divided into a few
sections along the latitude direction. Then, a regional temperature threshold is applied
to each section. With temperature thresholding, most bulky clouds can be detected.
However, sub-pixel clouds and the cloud pixels on the edges of bulky clouds usually
remain undetected with such simple thresholding methods. Because these pixels may
only be partially covered by clouds, broken‘clouds and edges of bulky cloud, they are
often characterised by a temperature lower than the underlying sea water, but may be
higher than some portions of sea surface water within the section. Thus, it is hard to

distinguish them from SST features by simple temperature thresholding alone.

However, three characteristics of these undetected clouds can be noted. First, scattered
cloud pixels may be warmer than some parts of the water not far from them, but colder
than the directly underlying sea surface. Second, they are often characterised by a high
gradient magnitude in temperature compared to the direct underlying sea surface.
Third, after temperature thresholding, most of the undetected clouds are small broken
clouds that are characterised as point-type features, which are associated with

incoherent gradient directions over a small neighbourhood.

The difficulty in detecting these part cloudy pixels, is that the edge features and corner
point features of SST patterns may also have a high gradient magnitude, the same as
the scattered cloud pixels. Therefore, a multiple criteria testing is necessary to separate
these pixels from the SST features. The following algorithm was developed based on
the Forstner operator which has the advantage that it is able to classify the underlying
feature by measuring gradient strength and coherency of gradient direction within a

small window.
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4.2 The Methodology

The individual character of broken clouds in terms of gradient strength, coherency of
gradient direction (i.e. the degree of the gradient direction differences between adjacent
pixels), and local intensity difference, may be similar or indistinguishable from the
corresponding characteristics of edge or corner features of SST patterns. Edges of SST
patterns may also have similar strong gradient magnitude as broken clouds. However,
unlike cloud pixels, most SST pattern edges are associated with a coherent gradient
direction. Thus, they may be separated from cloud pixels by testing both gradient
magnitude and coherency of gradient direction over a small neighbourhood. Comer-
type features of SST patterns may have similar characteristics in both the gradient
magnitude and the gradient direction coherency as the cloudy pixels. Thus they may be
difficult to distinguish using magnitude and direction coherency tests. However, they
can be located where the second order differential of intensity is zero, using the
Forstner operator as a point feature detector. Thus, the intensity value of a corner-type
feature of a SST pattern approximately equals the local average intensity in a small
window (3x3 or 5x5), while the intensity of cloud pixels are more likely to be much
lower than the local average. Therefore, they could be distinguished by testing the
difference between the intensity of candidate pixels from other pixels within the small
window. In this algorithm we required the intensity of the cloud pixel candidate to be

lower than any other pixel in the window.

A multi-criteria test was designed based on the measurements in gradient magnitude,
the gradient direction coherency and intensity difference, where the gradient magnitude,
the gradient direction coherence, and the location of the cloudy pixel within a small
window are measured by the Forstner operator. The Forstner operator was originally
designed for three different tasks, detecting distinct points, least squares matching and
detecting the centre of circle-type features. It has been extended for precise edge
detection by Trinder et al. [1993] with sub-pixel accuracy. For further details on the
method, the reader is referred to [Forstner, 1987]. The operator has the advantage that it

is able to classify the underlying features, such as edges, corners, blobs and the centres
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of circular features. The Forstner operator can locate a distinct point by determining the
intersection of all edge elements within a window by least squares estimation, when the
roundness and size of the error ellipse of the intersection of edge elements satisfies
certain requirements. The edge element at a point (x;, y;) is defined as a line through

this point oriented in the direction of the gradient of the point, which is of a form—

xc0s0, + ysinb,; 7, =0 4.1)

where /;1s the normal distance between the line and the origin, and cos@and siné can be
represented by the local gradient
g x gy
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If a distinct point exists in a window, it is the intersection of all edge elements of this

(4.2)

window, that is all edge elements pass through this point. Let the coordinates of the

estimated intersection be (xp,)y). Thus, the observation equation of an edge element

through point (x;,y;) with the intersection point (x;,yp) is of a form—

v; =x 0086, +y,sin6, -/, (4.3)
Where v;; is the distance between the edge element and the estimated intersection. Each
observation equation is given a weight P; proportional to the absolute gradient squared

2
|Vg,.j| . By minimising Z D;Vyvy = min, the normal equation of a window, with a form
ij

as follows, can be derived:
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where the sums have are taken over all pixels within a window. The solution of the
equation gives the coordinates of the intersection point. By orthogonalization, three

other important measures from the normal equation matrix N can be determined:

1. The semi-axes of the error ellipse, £ and F' can be derived from the eigenvalues of

matrix N, z4; and s, with E=o;,\/;q and F=0; /1, , where 1 > 1, and the o, is the

Zp,—,-v,-jvi,-
iy

PR where n is the number of the observation
n-—.

variance factor, o, =
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equations. Forstner designed a parameter, W, based on these eigenvalues to measure
the relative size of the error ellipse of the underlying feature, and this measure
reflects both the gradient strength and the consistency of gradient orientation of the
features within the window.

W=c,/(E*+F*)=1/(u,+u,)= det N/ N (4.5)
Where defN and rN are the determinant and the trace of the normal equation matrix
N respectively.

2. The roundness of the error ellipse can be directly measured by the value

O =1-[(F* - E*)/ (F? + E®)|"= 4 deiN / (trNY? (4.6)
The roundness measure Q) ranges between 0 and 1. When the window lies on a
extremely distinct point, the error ellipse is a circle, O=1. Conversely, if the window

lies on an ideal edge, one of the semi-axis is equal to 0, then 0=0. The roundness

measure can be used to avoid selected points lying on edges.

3. The direction of the major axis of the error ellipse can be derived from

2§:gxg,

tan 2¢ = 47
an 2 2.8t-2¢ @7

If the window lies on an edge, ¢ is the direction of the edge, or if the texture within

the window has a predominant direction, the above equation gives this direction.

In this cloud pixel screening algorithm, W and QO were used as the gradient magnitude
and direction coherence measures respectively. Using these two measures with an
intensity difference measure D7, the algorithm determines a pixel as a cloud pixel
when W>We , 0>Qtre and DT<DTye, The intensity difference measure D7 is defined
as the difference of the intensity values between the candidate pixel and its
neighbouring pixel of lowest intensity within a small window (this criteria requires the
intensity of a cloud candidate pixel of the lowest intensity within a window). The
selection of the thresholds will be discussed in the next section. Then the coordinates of

the cloud pixels are determined from the normal equation.
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4.3 Results and Discussion

In order to understand the performance of individual criterion, the algorithm was
investigated on a series of AVHRR thermal infrared images, (but only the results on
the image shown in Figure 4.1 are presented in this chapter) with a wide range of
threshold values and window size combinations. For this study, no other cloud data set
was available for the evaluation. However, most of the cloud contaminated pixels can

be visually determined on images. Therefore, the algorithm performance was evaluated

by visual comparison.

Before the detection of partial cloud pixels, the regional temperature thresholding was
applied to remove the bulky clouds. The images were separated into three sections. The
threshold of each section was determined by measuring the lowest intensity value of
the surface water within the section. The results of thresholding are shown in Figure

4.1. The detected cloud pixels are coloured white. The undetected broken clouds

remain a dark grey colour.

The results show that most of the bulky clouds are detected in this process, due to the
large temperature difference between these relatively large clouds and the surface
water. However, a large amount of broken cloud and the cloud pixels along the bulky
cloud border remain undetected, because the intensity values of these pixels were

higher than or equal to some portion of water in its section.

The following detection of broken clouds is based on three criteria, the gradient
magnitude measured with equation (4.5), the coherency of gradient direction measured
with equation (4.6) and the intensity difference between the candidates and their
neighbourhood. In this study, we investigated the effect of window size and gradient
magnitude threshold, the effectiveness of the error ellipse roundness criterion and the
performance of the intensity criterion. In this procedure for detecting scattered clouds,
the pixels which have been flagged as cloud in the temperature thresholding step, were

excluded from the #, Q and the intensity difference calculations.
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e

Figure 4.1. The image with a cloud mask determined with temperature thresholding.
The detected cloud pixels are masked with white. The undetected broken clouds remain
a dark grey colour.

4.3.1 The Effect of Window Size and Gradient Magnitude Threshold

In this part of the test, the threshold of error ellipse roundness was fixed at 0.6. A value
of 0.6 was chosen as tests in section 4.3.2 have found this to be the best value for total
performance. The intensity difference threshold was 0 (i.e. this threshold requires the
candidates of the lowest intensity among its neighbourhood, except for pixels that have
been flagged as cloud). The window size used in this investigation ranged from 3x3 to
7x7. The W value varies widely with the variation of window size. However, the ratio
between it and the (W values) average of the entire image domain, is less sensitive to
the window size variation. Therefore, the threshold of the W value, Wi, was selected
based on the average of the entire image domain Wiyerage, and it ranged from 0.5 Waverage
t0 1.5 Waverage- The obviously mis-detected pixels were visually determined. The results
are presented in Table 4.1 and Figure 4.2-a and Figure 4.2-b. Table 4.1 shows the
numbers of detected cloud pixels and the numbers of obviously misinterpreted pixels in
the screening processing with different window size and gradient strength threshold. For
all pictures, the pixels flagged as cloud in the temperature thresholding step are shown

in black, the broken clouds detected with this algorithm are shown in white, and the
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obviously mis-interpreted pixels are highlighted with circles. The broken cloud mask
shown in Figure 4.2-a was computed with 3x3 window and a gradient strength
threshold of 1.0 Wiyerage- The Figure 4.2-b was computed with the gradient strength
threshold of 0.7 Wiyerage and 5x5 window.

Table 4.1. The numbers of detected cloud pixels and the numbers of obviously mis-
interpreted pixels in the second step of the screening processing, with different window
size and gradient strength threshold.

3x3 window 5x5 window 7x7 window
identified | mis-identified | identified | mis-identified |identified mis-identified|
(pixels) (pixels) (pixels) (pixels) | (pixels) | (pixels)
0.5 Waverage -—-- -—- 5390 5 6022 5
0.7 Waverage ——- ——- 4836 1 5359 1
1.0 Waverage 3771 4 4262 0 4983 0
1.3 Waverage 3352 1 3922 0 -—-- -—--
1.5 Waverage 3165 0 3737 0 - —em

The test results show that:

e processing with a larger window has relatively less chance of mis-interpretation.
Therefore, a relatively lower gradient strength threshold can be chosen which

enables the algorithm to detect the cloud pixels of weaker gradient.

e with the same level of W value threshold, the processing with a larger window is
able to detect more cloud pixels. The reason for this is that some of the broken
clouds span a few pixels. Thus, they may determined as linear features in the case of
a small window but as point features when using larger windows. Both the tests

using 5x5 and 7x7 windows give very good results, and the tests using 7x7 windows

are marginally better than the cases of 5x5 windows.

However, enlarging the window increases the computation time, and the algorithm is
designed to detect the point type cloud contaminated pixels. To avoid the cases, in
which the detect window contains more than one point type contaminated pixel, a

window larger than 7x7 pixels was not adopted in this study.
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Figure 4.2.a Image with cloud mask computed with 3x3 window, gradient strength
threshold Wie=1.0Wayerage. and error ellipse roundness threshold Que=0.6. The
intensity criterion was applied. The misinterpreted pixels are marked with white
circles

Figure 4.2.b Image with the cloud mask computed with 5x5 window, gradient
strength threshold Wipre = 0.7Waverage. and error ellipse roundness threshold Qumye =

0.6. The intensity criterion was applied. The misinterpreted pixels are marked with
white circles
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4.3.2 The Effectiveness of Error Ellipse Roundness Criterion

To investigate the effectiveness of the criterion based on error ellipse roundness, a
cloud mask was computed with roundness threshold Qu. = 0.1. The balance of the
parameters were chosen to be the same as those in the computation of Figure 4.2-b.
Where the 5x5 window was used, the gradient strength threshold was chosen as W=
0.7 Waverage and the intensity criterion were also applied. The obviously mis-interpreted
pixels were visually determined and highlighted with circles. The roundness threshold
QOumre = 0 was not chosen, because, from equation (4.7), it can be seen, that when and
only when derN=0, the roundness measure Q will equal zero 0=0. In this case, the
location of the candidate pixel cannot be determined from equation (4.4) because of the
singularity of the normal matrix. Figure 4.3 shows many pixels along the borders of
SST patterns were mis-interpreted as cloud points, compared with only one obviously
mis-interpreted pixel in Figure 4.2-b. This result indicates the ellipse roundness test is
effective in preventing the mis-interpretation of the points on SST pattern borders,

which also have strong gradients.

Figure 4.3 Image with the cloud mask computed with 5x5 window, gradient strength
threshold Wyre= 0.7TWayerage, and error ellipse roundness threshold Quw.=0.1. The
intensity criterion was applied. The misinterpreted pixels are marked with white
circles
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4.3.3 The Performance of the Intensity Criterion

In the following test, a cloud mask was computed without the intensity criterion. The
balance of the parameters are the same as those in the mask computation shown in
Figure 4.2-b. where the 5x5 window was used. The gradient strength threshold was set
as Wire= 0.7 Waverage and the error ellipse roundness threshold set as Oy = 0.6. The
result is shown in Figure 4.4. Six additional mis-interpreted pixels were found in the
lower-right portion of the image compared with Figure 4.2-b. This indicates that the

intensity criterion is effective in reducing the chance of mis-interpretation.

Figure 4.4 Image with the cloud mask computed with 5x5 window, gradient strength
threshold W= 0.7TWoayerage, and error ellipse roundness threshold Qun..=~0.6. The
intensity criterion was not applied. The misinterpreted pixels are marked with white
circles

4.3.4 The Test Applied to Images Acquired at Night

The proposed algorithm was tested on a number of images, Figure 4.5 shows the results
of the algorithm applied to an image acquired at night. The image used for the test
shown in Figure 4.5 was acquired 12 hours after the image used in the tests described in
4.3.1 to 4.3.3.. Figure 4.5 shows that most of the cloud contaminated pixels were

detected. However, there are still a number of cloud contaminated pixels that were not
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detected which remain dark grey and which are marked with white circles in the figure.
From the image, we can see that the differences between the grey value of these
undetected cloud pixels and the grey value of background features (the sea surface

temperature features) are relatively small. Therefore, they were more difficult to detect.

AR
Figure 4.5 Resultant image computed firstly with temperature thresholding, then with
the proposed partial cloud contaminated pixel detection algorithm (with 5x5 window,
gradient strength threshold W= 0.7TWayerage, and error ellipse roundness threshold
Ome=0.6. The intensity criterion was applied). The detected cloud pixels are marked
with white. The undetected cloud pixels are marked with circles. The image used for the
test shown in the figure was acquired at night and aboutl2 hours later then the image
shown in Figure 4.1 to 4.4.

4.4 Summary

A multi-criteria algorithm for masking partially cloud contaminated pixels in AVHRR
thermal infrared images was proposed in this study. The algorithm developed is
especially designed as a pre-processor for the sea surface velocity estimation from
consecutive SST images. In the algorithm, the local gradient magnitude and coherency

of gradient direction are measured with the Forstner operator. These measures (i.e. W
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and (), and the difference of the intensity value between the candidate pixel and the
neighbouring pixels of the lowest intensity within the window (i.e. D7), are tested
against three criteria. The experimental results show that with regional temperature
thresholding and multi-criteria broken cloud screening, a majority of cloud
contaminated pixels can be detected. Our investigation also shows that the multi-
criteria screening produce a relatively better result with a combination of 5x5 or 7x7
windows, gradient strength threshold Wpy,.= 0.7 Waeraee, error ellipse roundness
threshold Oy = 0.6 and the use of the intensity criterion. With this algorithm, a small
portion of cloud pixels still remain undetected. Those pixels that remain undetected are
generally characterised by relatively weak gradients, thus, it is more difficult to
separate them from the features of the SST pattern features. However, on the other
hand, due to their weak gradient, their affect can be effectively removed with by

smoothing without a significant affect on the contrast of SST features.

Although the algorithm was designed for the detection of point type cloud contaminated
pixels, the majority of cloud pixels on the border of the bulky cloud clusters were also
detected. This is probably because the proportion of the cloud contamination of these
pixels varies widely (i.e. gradients among these pixels varies widely). Thus these pixels
were detected as point type pixels rather than as edge pixels. However, a complete
detection for both point type and edge type cloud contamination pixels still needs
further study.

The thresholds used in the algorithm were determined empirically based on test results.
The automated optimisation of the thresholding requires further study. However, these
empirically determined thresholds resulting from this research may be used to initialise

an automated optimisation process, for example, in a heuristic refining process.

The contextual information remains unused in the proposed algorithm. This source of
information can be used to improve the detection accuracy in future studies, especially
for on-edge cloud pixels detection. The contextual relation between the candidate pixel

and the detected bulky cloud cluster can also be a valuable source of information.
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Chapter 5

Study of the Cross-correlation Function of SST Features and
Its Variation Due to Different Pre-filtering and Correlation

Computation Methods

5.1 Introduction

In former research, a number of different pre-filtering schemes and MCC matching
schemes (basic and the scheme with rotational search) have been used. The
performances of each pre-filtering and matching scheme were reported, and have been
reviewed in Chapter 3. A scheme which performs positively in some cases may affect
the estimation negatively in the others. The purpose of this chapter is to understand why
these pre-filtering schemes and MCC matching procedures perform differently from
case to case. The distribution structure of the correlation function is crucial to the
reliability and accuracy of the estimation. In this chapter, we will examine the way
different pre-filtering and matching schemes vary the correlation function structures,

and consequently, affect the velocity estimation reliability and accuracy.

5.2 Image Data Description

The evaluations are made with a pair of NOAA AVHRR thermal infrared images and a
set of synthetic SST image sequences. The AVHRR thermal images, shown in Figure
5.1 and Figure 5.2, are observed at respectively 4:36 and 16:04 Greenwich time, 8
December 1991, with about 12 hours time separation. The images cover a domain from
E 153°-160° in longitude and S 33%38° in latitude, and were co-registered in the CSIRO
Marine Laboratories, Hobart, Australia, and this image pair will be refer to real images.
The images cover the western part of the Tasman Front, and contain a number of
interesting phenomenon, such as current fronts and eddy features. Unfortunately, we
were unable to find simultaneous in situ data for this evaluation. Thus, the assessment

of the absolute quality of the estimated velocity field using these two images is
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impossible. The quality of the estimations derived from the image data are assessed by
comparing the estimated displacement with a displacement field estimated using a
subjective feature tracking method. The displacement field determined using the
subjective method was also used to derive a series of synthetic images extending in time
on from the AVHRR images of Figure 5.1, to assess the absolute accuracy of the
determination of the displacements of SST features.

The synthetic images were derived by iterative resampling (shifting) the image shown
in Figure 5.1 based upon a model velocity field. To make the variation of SST features
in the synthetic images sequence as close to reality as possible, the model velocity field
used to derive the SST field is firstly determined by a subjective tracking method (i.e. a
SST feature tracking method using visual feature identification and manual
" measurement of displacement). The subjectively determined velocity field is fitted to a
stream function, ¥ of a two dimensional Fourier series form, using a least squares

method presented in Vastano et al. [1985] and using the following observation

equations —
W'=Y A,y sinT o sin (5.1)
n m X y
U= 6 y = —ZZ sm 7 ™ cos nzny (5.2)
x y
=___.__ -ZZ_AM ”Z'y (5.3)
n m y

where, x (column) and y (line) are coordinates in pixel, # and v are visually determined
velocity components in the x and y direction respectively, Ly and L, are the dimensions
of the rectangular region enclosing the image domain, and 4,,,, is the series coefficient
to be determined. From the derived stream function, the velocity at each pixel was then
determined from equations 5.2 and 5.3 by substituting the coordinates of the pixel.
Using the pixel-by-pixel velocity field, a displacement field of 3 hours interval (i.e.
d(ij) = v(ij) x 3) was then derived. Under the assumption that the velocity field is
temporally constant over 24 hours, a sequence of synthetic SST images of 3 hours
separation (3, 6, 12, 15, 18, 21 and 24 hours) were derived through iteratively

resampling (with bilinear interpolation) the AVHRR thermal infrared image shown in

61



Chapter 5 Study of the Cross-correlation Function of SST Features and Its Variation
Due to Different Pre-filttering and Correlation Computation methods

Figure 5.1, using the calculated displacement field. The synthetic images of 12 hours
and 18 hours respectively are shown in Figures 5.3, and 5.4. The vectors at the grid
points of the velocity field (determined based on visuals method described previously),
that were used for synthetic image derivation are superimposed on the image, and are

shown in Figure 5.3.

The variation due to the major advective physical processes such as shifting, rotation
and deformation of SST features are simulated in the synthetic image sequence. As the
effect of bilinear interpolation in the iterative resampling processes is similar to the
oceanic diffusion process, a small temporal step (3 hours) in the displacement
calculation and the iterative resampling processes were applied to simulate the oceanic

diffusion process.

The sum of partial the derivatives of equation (5.2) and (5.3) with respect to x and y
equals zero (i.e. equation (5.4)). This implies that the stream function (5.1) and velocity

described with equation (5.2) and (5.3) defines a velocity field which is 2-dimensional

incompressible.

=0 (5.4)

The use of this assumption is equivalent to assuming that the velocity field is

horizontally non-divergent, which means that no water goes to or comes from under

surface,

The purpose of this study is to evaluate the method of velocity field determination
rather than the velocity field itself. In other words, in this study the interest is in how to
accurately track the SST features and not on how the SST features flow. Therefore, this
non-divergence approximation should not affect the results of the study. The other
approximation made in the synthetic image generation is that a time constant model
velocity field is used. This assumption can be reasonably made, because, firstly, the
equivalent time span of this synthetic image sequence is short (24 hours, and actually
only the synthetic image of 12 hours and 18 hours were used in the following studies),
and thus the velocity field should not vary significantly. Secondly, as explained above,

these images are generated for testing the feature tracking method rather than a study of
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Figure 5.1 NOAA AVHRR thermal infrared image observed at Greenwich time 4:36, 8
December 1991. The image covers E 153°-160° in longitude and S 33°-38" in latitude.

Figure 5.2 NOAA AVHRR thermal infrared image observed at Greenwich time 16:04, 8
December 1991 from the same area as Figure 5.1
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Figure 5.3 Synthetic image of equivalent 12 hours time separation from the image
shown in Figure 5.1. The superimposed vectors e— are the velocity field used for
synthetic image generation, where the ® are the grid points (the locations of the centre
of templates and the centre of corresponding search areas in MCC computation) the
length of the symbol “—" indicates the displacement of 12 hours.

Figure 5.4 Synthetic image of equivalent 18 hours separation from the image shown in
Figure 5.1
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the velocity field. Thus, minor variations of the velocity field should not affect the

outcome of this study.

We should be aware that the non-advective physical processes, which may affect the
SST field in the real world, are not simulated in synthetic image generating, such as
vertical mixing, advection, surface heating and cooling etc. Wahl et al. [1990] have
estimated the effect of some of these non-advective factors using idealised models.
They found the spatially uneven heating and cooling may have a relative large effect on
image correlation. Another difference between synthetic images and observed or real
images is that the noise in real images is random from image to image, while, in the
process of synthetic image generation, the noise in the original image are advected
along with the SST features. In other words, the noise becomes a part of the features.
Besides the non-advective physical processes and noise, undetected cloud
contamination is also a major source of error in velocity estimation in the case where
real images were used. Similar to the noise, in the synthetic image generating process,
the cloud contaminated pixels are shifted from one synthetic image to another along

with the SST features.

5.3 Problems and background

The filtering process removes components of a certain frequency in the original image
and enhances others. The purpose of filtering, for velocity estimation with the methods
based on the MCC technique and other feature tracking techniques, is to make the SST
features more traceable. The SST image is usually dominated by large scale and nearly
piece-wise patterns (nearly isothermal inside the patterns). The small scale features
inside the patterns and along the borders usually have very weak gradients. Previous
research (see Van Woert [1982] for example) has found that the along-isotherm velocity
component, the component parallel to the SST border, is generally larger than the cross-
isotherm component. In other words, the SST images are dominated by the features
parallel to the dominant moving direction. It is analogous to the situation of tracing the
movement of a linear feature or the rotation of a circle. The cross-feature displacement
of a linear feature can be easily determined, while the along-feature displacement is not

traceable if there is no distinguishable small feature on the linear feature that reveals the
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displacement. It is also true that it will not be possible to determine the rotation of a
circle if there is no small feature on the border of the circle or inside the circle that
reveals its position. Therefore, small, weak features may play an important role in
along-isotherm component determination. To make these weak features more

distinguishable, and thus traceable, a number of different high-pass filters have been

used in previous research.

The distribution of the cross-correlation function between a feature and its shifted
version is not only determined by the similarity and spatial lag between these two
features, but is also determined by the shape of the features (assuming that the original
feature and it shifted version have identical shape). If the features are dominated by
short wavelength components, then they de-correlate quickly when the spatial lag
increases, and yield an abrupt change in the cross-correlation function, thus the
variation of the cross-correlation value is more sensitive to the displacement between
two features (i.e. a small displacement can cause a relatively large variation in the cross-
correlation value). Conversely, a feature and its shifted version which are dominated by
long wavelengths in the frequency domain, de-correlate slowly when the displacement
between the two increases, and generates a flat cross-correlation function, which is less
sensitive to displacement. The use of a high-pass filter on an image enhances small
features and improves their traceability, and the high pass filtered images are dominated
by high frequency components, thus the variation in correlation values are more

sensitive to the spatial lag between the homogeneous features.

This increasing sensitivity may affect the subsequent matching process between two
similar images, either positively or negatively. The positive aspect is that it may
improve the accuracy of the measurement of the displacement between homologous
features. The negative aspect is that it also makes the matching process more sensitive
to biases due to unresolved displacements and deformations between the feature and its
advected version, so that it degrades the correlation value between homologous features
in two images. However, the ocean surface current is a very complex phenomenon. It
consist of a wide range of dynamics such as advection, rotation, straining, diffusion and

mixing. These oceanic dynamic phenomena are of various spatial and temporal scales.
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Some of them, as yet, are not well understood. Therefore, it is difficult to include all of
these dynamics into the estimation model, and consequently, some of the displacements
and deformations remain unresolved. The estimation scheme must be capable of
tolerating these unresolved displacements and deformations. It requires a trade-off
between enhancing small features and keeping the matching scheme at a certain level of

tolerance to the unresolved displacements and deformations.

5.4 Methods

To investigate the dominant frequency of most traceable features and their
corresponding sensitivity to the unresolved displacement and deformation in the
subsequent MCC matching process, in the following sections of this chapter:

1. A series of filters described in section 5.4.1 were used to produce images which are
dominated by high, medium and low frequencies, respectively.

2. Each pair of filtered images was then used to derive the velocity field using both
the basic MCC method and the MCC method with rotational search described in
section 5.4.3.

3. The resultant velocity fields derived from the synthetic images, are compared with
the control velocity field which was originally used to generate the synthetic
images.

4. The quality of the resultant velocity fields estimated from the real images are also

tested against the control velocity field, because simultaneous in situ data are not

available.

Because the control velocity field was determined by subjective feature tracking using
the same image pair, and generally, the resultant field derived by using the subjective
feature tracking method is more reliable than the MCC method, the comparison should
give a reasonable measure of quality of estimation. However, it should be noted that the
displacement vectors derived using the subjective feature tracking method, are
determined by tracing the most distinguishable features, and generally are not located at
the grid points described in Figure 5.3. The displacement values of the control field at
the grid points are interpolated by least squares fitting. Therefore, due to errors in the

control field caused by both subjective feature tracking and the interpolation, the
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comparison between the resultant field estimated using the real images and the control

field, can only be used as a check on significant erroneous estimates.

5.4.1 Filters

The gradient images are formed with a 3x3 window (see Figure 5.5). Four groups of
gradients are computed with the Robert’s operator. The gradients in two directions are
then averaged separately, to reduce the noise (the gradient directions of a noisy pixel are
incoherent with its neighbours). The magnitude of the averaged gradient is used as the
image value of the central pixel of the window. The gradient magnitudes range from 0

to about 20 within a 0-255 range. Thus, the

range of image values of the gradient

N\ N images are linearly stretched to a range of 0
/| X to 255. The SST gradient magnitude images

X computed with this filter are dominated by
/ very high frequency components. They are

used here to illustrate the influence of the

Figure 5.5 The gradient computation | high frequency components in the MCC
window and Robert’s Gradient matching process.

A “high-pass” filter is used to produce images which contains high and medium
frequency components. The high-pass filtering is accomplished in two steps. First, a
centred 25x25 pixel average of the original image is computed using a running average
low pass filter. The low pass filtered image is then subtracted from the original image to

produce the high pass filtered image as used in Tokmakian et al. [1990].

The low frequency images are produced with a running average low-pass filter of

25x25 window.

5.4.2 Cloud Contamination Detection

The cloud contamination is a major error source in velocity estimation from consecutive

images. A number of automated schemes for detecting cloud contamination from
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multiple channel data have been developed (e.g. Saunders 1986, Simpson et al. 1990).
Generally, the multiple channel cloud screening schemes are more capable of
distinguishing between contaminated and useful pixels, than detecting contamination in
a single channel. However, in this study, only the thermal infrared channel images
(AVHRR channel 4) are available. Therefore, multi-channel cloud screening is not
possible. In this research, an algorithm was developed in chapter 4 to detect the cloud
contaminated pixels from single band thermal infrared images. The detected cloud
contaminated pixels are masked in the filtering and matching processes. The cloud

contaminated pixels are detected using the method described in chapter 4.

5.4.3 Correlation Computations (Matching Schemes)

Two correlation computation methods are used here. One computes the correlation
coefficients with non-rotate template, as was discussed in Chapter 3 section 3.1. It will
be referred to as the basic MCC method hereafter. The other computes the correlation
using a MCC method with rotational registration (rotational search) similar to the
method used in Kamachi [1989]. It will be referred to as the rotational MCC method
hereafter. The rotational MCC method not only searches for the maxima by computing
and comparing the correlation value at every location of the search area, but also
searches the rotational displacement at each location in the search area by rotating the
resampling window by several different angles. The correlation values between the
template and each rotationally resampled sub-images are computed. Then, the maxima

is employed as the correlation value of that position (see Figure 5.6) .

This search strategy is not very efficient, and there are a number of ways to improve the
it. The least squares matching method is one, where a sampling window iteratively
approaches the best matching sub-area, rather then the brute force strategy which
computes the correlation value over-all the search area and then chooses the maxima.
However, to illustrate the whole structure of the correlation function of each search area
and the relationship with the corresponding SST feature, the brute force strategy is still
used in this chapter. To save computation time, the rotational resampling is only applied
to the areas of significant rotational motion, such as the areas within the circles as

shown in Figure 5.7 Plate B. To compare the full features of displacement fields
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estimated with different computational combinations, the estimates of low correlation

value are not eliminated using correlation significant test and coherency test.

oA search window in
/ S second image

subarea with spatial
/ 4 lag (n,¢)

< i) ™ spatial lag

template window in
first image

Figure 5.6 lllustration of the geometry of rotational MCC method.

5.5 The Results Computed Using Synthetic Images

Initially the effect of the pattern tile (template) size are tested. The pattern tile size was
varied from 31 to 51 pixels. The search radius in the second image is determined with
the maximum velocity and image time separation. In this test, a search radius of 32
pixels in all directions is used for the image pair of equivalent 12 hours separation and
48 pixels for the 18 hours pair. The search radius is the distance between the centre of
the template in the first image and the centre of the most distant sub-area in the
corresponding search area in the second image. To reduce the effects due to the other
sources, such as the unresolved rotational effect etc, the correlation coefficients are
computed using the rotational MCC method. The images are pre-processed with a

running average high pass filter of a 25x25 pixel window. The test results are shown in

Table 5.1.

In this study, the correlation threshold was set to 0 to view the full features of the
resultant vector field and the correlation function distribution. The mean MCC value
provided in Table 5.1, is the mean value of the maximum cross correlation coefficient at
all grid points including the positions of low SST gradients. In the table, the rms dm is

the root mean square of the difference in the magnitude of the displacement (velocity x
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time separation) vectors magnitude, between the control velocity field, which was used
for generating the synthetic images, and the measured velocity field. The rms da is the
root mean square of the difference in angle between the control velocity field and the
measured field. » stands for the number of erroneously estimated vectors. The estimated
vector of an error with a magnitude great than 7 pixels, or an error in the orientation of
larger than 30° are counted as an erroneous estimate. These two thresholds (7 pixels and
30° ) were selected as they were considered as reasonable practical limits when the

results of Table 5.1 considered.

Table 5.1 The results of the test on the effects of different pattern template sizes.

12 hours separation 18 hours separation
pattern tile size} 31 41 45 31 41 45 51
mean MCC 68 66 64 65 58 58 58
rms dm 4.7 4.0 3.8 12.0 8.8 6.6 6.0
rms da 30° 23° 23° 48° 41° 31° 31°
n 14 7 7 30 23 15 13

The results shows that the mean MCC drops slightly when the template size is
increased. At the same time, the number of erroneous estimated vectors and root mean
square difference in magnitude and direction improve significantly when the template
size increases from 31 pixels to 41 pixels, for the images of time separation 12 hours,
and from 31 to 45 for the image pair of 18 hours separation. When the template size is
increased from 41 pixels to 45 pixels, the variation in the above 4 measures are not very
significant for 12 hours separated images. For the 18 hours separated images, the
measures do not vary significantly when the template size is increased from 45 pixels to
51 pixels. The results also show that the cross correlation drops and the erroneous
estimates increase as the time separation of the images increases. This is because the
rotational MCC method uses fixed-shape resampling window. The deformation due to
straining will therefore still remain unresolved. Our test shows that, generally, the larger
template contains more information, therefore improving the estimation of the MCC.
However, we should also be aware that the vector computed with the MCC methods

(including the basic method and the method with rotational search) is the average value
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of the area covered by the template. The larger template may bias the estimates in the
region of large velocity gradients, such as the area where the jet passes through. The
optimal template size also depends on the scale of the traceable SST features, which
may vary from case to case. For the synthetic images used in this study, the 45 pixels

template is considered an appropriate size to balance these effects.

The performance of the basic MCC method and the MCC method with rotational
search, and the effect of different filtering on the correlation distribution and the
resultant displacement vector field, are firstly evaluated using 12 hours and 18 hours

separated synthetic image pairs. The filters used here are described in section 5.4.1.

The resultant velocities are compared against the velocity field used to generate the
synthetic images. In a similar manner to the tests on the inspection of template size
selection, the difference between the retrieved displacement vector fields and the
control field, are measured with the mean maximum correlation coefficient (MCC), root
mean square difference in magnitude rms dm, orientation rms de, and the number of
erroneous estimates, n. Again, in the rotational MCC computation, the rotational search
is only partially applied to the areas of strong rotational motions marked with circles in
Figure 5.7, and the basic MCC is used in the balance of the area to save computation
time for raw, high-pass filtered, and low-pass processed images. For gradient images,
the rotation resampling are both partially applied and applied in the entire image frame.
The comparison of results using image pairs of time separation 12 hours and 18 hours
are shown in Table 5.2 and Table 5.3 respectively. A part of the resultant displacement
vector field are shown in Figures 5.7 to 5.11.

Plates A and B of Figure 5.7 are the estimated displacement (velocity x time separation)
field computed using unfiltered (raw) synthetic image pairs of 12 hours separation with
the basic MCC and rotational method applied, respectively. The two plates of Figure 5.8
show the estimated fields by applying the basic and rotational MCC method to the 12
hours separated high-pass filtered image pair. Plate A, B and C of Figure 5.9 show,
respectively, the displacement field computed using the basic method, the partial
rotational method (rotational resampling applied to the partial image frame) and the full
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rotational method (the rotational resampling was applied to the entire image frame) with

12 hours separated gradient image pair. Figures 5.10 and 5.11 show the resultant

displacement fields using the 18 hours separated high-pass filtered image pair and the

gradient image pair, with the same computation combinations as those applied to the 12

hours separated images.

Table 5.2 Results using the synthetic images of equivalent time separation of 12 hours.

mean MCC

rms dm

rms da

n

unfiltered

image

low-pass filtered

image

high-pass filtered

image

gradient image

basic MCC

basic MCC

basic MCC

0.76

4.7

34°

16

Table 5.3 Results using the synthetic images of equivalent time separation of 18 hours.

mean MCC | rms dm rms da n
unfiltered basic MCC 0.74 10.0 51° 31
image
low-pass filtered basic MCC 0.87 9.9 64 45
image
high-pass filtered "~ basic MCC
image

gradient image
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Figure 5.7 Plate A, The estimated displacement field computed using an unfiltered
synthetic image pair of 12 hours separation and the basic MCC method

Figure 5.7 Plate B, The estimated displacement field computed using an unfiltered
synthetic image pair of 12 hours separation and the partially applied rotational MCC
method
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Figure 5.8 Plate A. The estimated displacement vectors using the basic MCC method
and the 12 hours separated high-pass filtered image pair. The white square relates to
data displayed in Figure 5.14.

Figure 5.8 Plate B. The estimated displacement vectors using the partially applied
rotational MCC method and the 12 hours separated high-pass filtered image pair. The
white square relates to data displayed in Figure 5.14.
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Figure 5.9 Plate A. The resultant displacement vector field using the basic MCC
method and gradient images of 12 hours separation.

Figure 5.9 Plate B. Resultant displacement field computed using the partially applied
rotational method and gradient images of 12 hours separation.
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Figure 5.9 Plate C. Resultant displacement field computed using the fully applied
rotational method and gradient images of 12 hours separation

Figure 5.10 Plate A. The resultant displacement field computed using the basic MCC
method and the 18 hours separated high-pass filtered image pair.
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Figure 5.10 Plate B. The resultant displacement field computed using the partially
applied rotational method and the 18 hours separated high-pass filtered image pair

Figure 5.11 Plate A. The displacement field computed using the basic method and the
18 hours separated gradient image pair.
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Figure 5.11 Plate B. The displacement field computed using the partially applied
rotational method and the 18 hours separated gradient image pair.

Rt 4 %

Figure 5.11 Plate C. The displacement field computed using the fully applied rotational
method and the 18 hours separated gradient image pair.

79



Chapter 5 Study of the Cross-correlation Function of SST Features and Its Variation
Due to Different Pre-filtering and Correlation Computation methods

5.6 Results Computed from Real AVHRR Thermal-Infrared Images

An investigation is also made using the real NOAA AVHRR thermal infrared images,
presented in Figure 5.1 and 5.2. The estimations using synthetic images are the “best
case” test. As described in section 5.2, compared with retrieving the velocity from
synthetic images, the velocity estimation using real AVHRR thermal infrared images
suffers from additional effects due to the non-advective physical processes, such as the
effect of uneven surface heating and cooling and mixing etc. Furthermore, in the real
image sequence, noise is totally random and the clouds move at speeds and directions

different from the SST patterns.

In the computations using real images, the cloudy pixels are detected using the method

described in chapter 4, and are masked, so that they do not contribute to the correlation

value. Subtracting the cloud pixels from the correlation computation is equivalent to
reducing the template size. When the masked cloud pixels reach a certain percentage in

a template or the corresponding sub-area in the second image, the information contained

in the template or the sub-area may be insufficient. Therefore, in the tests using real

images, the estimated velocity was not accepted when the cloud contamination reached

a certain level. The rejection of estimated velocity due to cloud contamination is based

on following rules:

1. If the contamination in a template reaches 20%, the velocity at that grid of the
template located is not computed, that is the entire correlation matrix is not
computed.

2. If the contamination in the template is less than 20%, then the contamination in each
sub-area is tested, as well as the sum of the contamination in the corresponding
template-sub-area pair. If either the contamination in a sub-area or the sum of the
contamination in the template and the sub-area reaches 20%, the correlation value at
that position is not computed, which is equivalent to eliminating the corresponding
element from the correlation matrix. If the percentage of eliminated elements due to
the cloud contamination in the correlation matrix is over 20%, the corresponding

estimated velocity at that grid is not accepted.

The evaluation was performed using both the basic and the rotational MCC methods on

the raw images, high-pass processed images and gradient images. For the computations

80



Chapter 5 Study of the Cross-correlation Function of SST Features and Its Variation
Due to Different Pre-filtering and Correlation Computation methods

using raw images and high-pass filtered images, the rotational resampling was partially
applied, while the rotational resampling was applied to the entire image domain for the

case using gradient images.

Unfortunately, simultaneous in situ data was not available for this evaluation. Thus, an
assessment of the absolute quality of the estimated displacement field is impossible.
The quality of the estimations with the real image data are assessed by examining the
consistency of the estimated vector field. The grids used in this study are about 26km
apart. As shown in Figure 2.1.a and 2.1.b, the dominant oceanic related features such as
the eddies, geostrophic eddies and streams are of spatial scales greater than 50 km,
therefore it can be reasonably assumed that the velocity field is smoothly varying from
grid to grid over this distance. The consistency of a vector with its neighbourhood is
measured using the difference between the vector and the average of its 8 neighbouring
vectors. The rms consistencies of the vector fields are as shown in Table 5.4. The
evaluation also compared the estimated displacement fields against the control velocity
field used in the evaluation of the synthetic images. Because the control field is based
on measurements determined by subjectively tracking the features of the same real
image pair used in this evaluation (the method was introduced in section 5.2), it should
be a good reference field for this evaluation. The comparison is again measured with the
mean MCC, rms da, rms dm, and the number of erroneous estimates, n. The computed
results are shown in Table 5.4. The displacement field computed using the rotational
method and the raw images is shown in Figure 5.12, and the computed field using the
high-pass filter processed images is shown in Figure 5.13.

Table 5.4 Test results on a real image pair with a time separation of about 12 hours

mean MCC | rms dm | rms da n rms
consistency
raw image basic MCC 0.70 9.0 71° 51 13.1

high-pass .

filtered image

gradient image
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Figure 5.12 The estimated displacement field using raw real images of 12 hours time
separation and the rotational method

Figure 5.13 The displacement field estimated using 12 hours separated high-pass
filtered images and the rotational method
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5.7 Discussion
5.7.1 The Performance of the Rotational MCC Method

The results presented in Table 5.2 and 5.3 and the resultant displacement fields shown
in Figures 5.7 through to 5.11, show that with the same images, the rotational MCC
method significantly improves the quality of the resultant velocity field compared to
those using the basic MCC method. For example, compare the velocity field in Plate Bs
(and Plate Cs, for the cases using gradient images) against that of Plate As of Figures
5.7 to 5.11. For the image pairs of 12 hours separation, erroneous estimates are reduced
on average by 11, and reduced by 20 on average for images of 18 hours separation.
These results strongly indicate that the rotation motion has a significant effect on the

correlation value in strong dynamic areas. Therefore, the including this part of the
motion into the estimation model helps improve the estimation quality. It is especially

true for the image sequence of a relative long time separation.

5.7.2 The Variation in Correlation Distribution Due to the Use of the Rotational
Method
The comparison of the correlation matrices resulting from the basic method and the
rotational method shows that the rotational computation does not change the basic
structure of the correlation matrix distribution, but enhances the correlation value at the
correct position. Plate A and Plate B of Figure 5.14 are the correlation functions
computed using the basic and the rotational method, respectively, with the same image
pair (high-pass filtered 12 hour separated images). Each square represents a correlation
matrix (the correlation value distribution of a search area) of a template/search-area
pair. The correlation values are coded in colours ranging from blue, green, yellow,
orange to red in ascending order. The maxima of each search area is marked with a
white cross. The vector field corresponding to these 16 correlation matrices (search
areas) are shown in plate A and B of Figure 5.8 and marked with a square. Plate B of
Figure 5.14 shows that the maxima are shifted to their correct position when the
rotational method is used, while the basic structure of the correlation function remains
unchanged. The correctness of the positions of the maximas is measured by a
comparison between the corresponding estimated displacement vectors shown in Figure

5.8 (marked with a square) and the vectors in the control field.
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Plate A Plate B

Figure 5.14 Plate A shows the valies of the correlation matrices computed using the
basic MCC method. Plate B shows the correlation matrices using the rotational method.
The image used in this comparison is the 12 hours separated high-pass filtered image
pair. The correlation values are coded in colours ranging from blue, green, yellow,
orange to red in ascending order. The maxima of each search area is marked with a
white cross. The corresponding computed displacement fields are shown in Plates A
and B of Figure 5.8, respectively (the areas marked with a square)

5.7.3 The Variation of Effectiveness of the Rotational Method

The results presented in section 5.5. also show that the effectiveness of the rotational
method varies when the predominant frequency of the input images is changed. The
unfiltered image contains a whole range of features of different frequency, but
dominated by the long wavelength components. The 25x25 running average low-pass
filter removes the features of spatial scale less than 25 pixels, and the processed image
contains only the low frequency features. The high-pass with 25x25 running average
window removes the components of spatial scale larger than 25 pixels. The gradient
computation with a 3x3 window removes most of the features except those with high

frequency, such as the borders of the SST patterns.

To view this effect, the number of erroneous estimates in the areas of strong rotational
motion are counted and given in Table 5.5. When the rotational search is applied, the
motion estimation with the gradient images gains the largest improvement. The number

of erroneous vectors drops from 35 to 10, a 75% drop, for the 18 hours separated
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gradient images, compared to a drop from 34 to 21, 41%, for the case using the same

correlation methods (basic and rotational) on a low frequency image pair.

Table 5.5 Variation in the number of erroneous estimates due to different matching
schemes and different pre-filtering methods, and the percentage reduction in erroneous
estimates from basic to rotational MCC.

number of erroneous estimates in the areas of strong
rotational motion
unfiltered low-pass high-pass gradient
raw image image image image
12 hour basic MCC 13 32 14 17
separation | rotational MCC 4 18
 reduced | S(%) | 1406w |
18 hour basic MCC 25
separation | rotational MC 9

5.7.4 The Effect of Correlation Function Distribution on the Quality of the
Resultant Field
This study also found that pre-filtering changes the sharpness of the correlation function
distribution. When the SST features are dominated by short wavelength components,
they de-correlate fast, thus yielding an abrupt change in the correlation function.
Conversely, the signal from the long wavelength dominated components, de-correlates
slowly and generates a flat correlation function. As an example, the correlation
functions were computed using the 12 hours separated raw images, the high-pass
filtered images, the low-pass filtered images and the gradient images, and these results
are shown in plates A, B, C, and D of Figure 5.15 respectively. The rotational method
was used in these computations. Again, each box used in the these plates corresponds to
a correlation matrix of a template/search-area pair. The correlation values are coded in

colours in the same way as described for Figure 5.14.

Generally, the features dominated by high frequency components provide more accurate
measurement of the movement of the SST patterns, however, their cross-correlation
value is more sensitive to the unresolved deformation due to the abrupt de-correlation.
In contrast, the correlation value of the long wavelength components are relatively less

sensitive to the unresolved deformations and rotations. However, because the
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correlation functions are flat, and exist as an area of almost evenly high correlation
values around the maxima — the maxima is therefore not significantly different from
the others, thus, possibly allowing less accurate movement measurement. Additionally,
the SST image is usually dominated by large scale and nearly piece-wise patterns
(nearly isothermal inside the patterns) as shown in Figures 5.1 and 5.2, and this is also
reported in Kelly et al. [1992]. The small scale features inside the patterns and along the
borders are usually very weak in gradient. The high-pass filter enhances these small
features and provides relatively better results. The use of the high-pass filter gives more

significant improvement in the case where real images are used.

The purpose of using low-pass filter processed images in this study is to understand the
characteristics of the correlation function distribution of low frequency components and
their contribution to the matching process, rather than a belief that they can provide
better results. The results using low-pass filtered images show, firstly, that the
subsequent correlation procedure has many templates around the piecewise patterns,
such as the jet and ring, which contain inadequate features to trace the movement along
the isothermal direction, thus, yielding a large number of erroneous displacement
estimates. Secondly, Figure 5.15 plate C shows that the correlation distribution
corresponding to the low-pass filtered images is extremely flat, and a large number of
correlation matrices have areas around the maxima where the correlation value is almost
as high as the maxima. This is due to the extreme high auto-correlation of the long
wavelength components of the SST features. Therefore, this type of correlation function
has a high probability of providing erroneous estimates. Thirdly, due to the slow de-
correlation, the correlation value changes little when the rotational method is applied
(e.g. the average MCC value changes from 96 to 97 for the 12 hours separated images
and from 95 to 96 for the 18 hours separated images). The rotational method does not
improve the quality of the estimation as efficiently as when high frequency images were
used. The rotational method only reduces the erroneous estimates by 41% for the case

using the 18 hours separated images, and by 56% for the case using images 12 hours

apart.

At the other extreme, the gradient computation using a 3x3 window removes most of

the features of the SST images and leaves only the borders of the SST patterns where
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there are high gradients. Therefore they only contain very high frequency components.
The test results shows that the gradient images produce a worse estimation than images
computed with the high-pass filtered images and the raw images, although the rotational
matching method significantly improves the displacement estimation quality. This is

due to the following two reasons.

Firstly, because the SST images are dominated by large scale features (low frequency
components), the gradient computation process removes most of the signal of the
images, therefore, yielding very noisy resultant images (noise is generally of high
frequency, and enhanced in the gradient computation). This may not be a significant
error source in the cases using synthetic images because, in the synthetic image
generating process, the noise in the original image is advected along with the SST
features and becomes part of them. While, in the case of real images, the noise in the
subsequent images are random. The low signal to noise ratio may reduce the quality of

the estimation.

The second reason that the gradient images yield relatively more erroneous estimates
than the raw images and the high-pass filtered images is that the gradient images
computed using a 3x3 window are dominated by extremely high frequency signals
(features). Thus the correlation values are extremely sensitive to the unresolved
deformation or displacement due to the abrupt de-correlation. The rotational MCC
matching resolves the displacement due to rotational motion, but the deformation due to
the straining motion still remains unresolved, because the shape of the resampling
window used in the rotation search is fixed. When the gradient images are used, the
unresolved straining deformation degrades the correlation values more sensitively than

in the case of an unfiltered image or images processed with the 25x25 pixels running

average high-pass filter.

To investigate the high sensitivity of the gradient image to a small displacement
deformation, the displacement fields were computed by applying rotation search to the
entire image domain ( it will be referred to as full rotational search hereafter) and also

applying it to only those areas of strong rotational motion which are marked with black
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circles in Figure 5.7 plate A (it will be referred to as partial rotation search). The
resultant displacement fields using partial rotational search and full rotational search on
gradient images are shown in Figures 5.9 plate B and C respectively. The results show
that, when the rotational search was fully applied, the resultant field shown had only 6
erroneous estimates for the image pair of 12 hours separation, which is similar to the
case when using the high-pass filtered images. While, when the rotational search was
only partially applied to the same image pair, 6 additional erroneous vectors occurred in
the areas where the rotational search was not applied, which are marked with small
squares in Figure 5.9 plate B (the full rotational method yielded 2 erroneous vectors in
these areas, which are marked with small circles in both Figure 5.9 plate B and C,
against 8 resulting from the partial rotational method). This effect can be seen from the
resultant displacement fields shown in Figures 5.11 Plate B and C, which are computed
using partial rotational search and full rotational search on gradient images of 18 hours
separation. The full rotational search reduces the total number of erroneous estimates by

9, compared to that computed using the partial rotational search.

The high sensitivity of the gradient images to the unresolved rotation and deformation is
also shown by a comparison of the resultant fields using the same partial rotational
method applied to gradient images, raw images and high-pass filtered images. The
resultant field for the high-pass filtered images has 3 erroneous vectors in the non-
rotational-search areas. Use of gradient images yielded 8 additional erroneous vectors,
giving a total of 11 bad vectors in these areas. The computed field from the raw images
has 4 erroneous estimates in the non-rotation-search areas. This comparison shows that,
in the non-rotational-search areas, the displacement and deformation due to rotational
motion is relatively small. In these areas, the unresolved displacements and
deformations resulting from the basic non-rotational computation can be tolerated when
using high pass filtered, and raw images. However, they have a much higher chance of
causing erroneous estimations when using gradient images. Furthermore, as mentioned
previously, the rotational search can only resolve the displacement due to rotational
motion. Therefore, when the deformation due to straining motion increases as the time
separation increases, again due to the high sensitivity to the deformation, the estimated

vector field using gradient images can be much worse than that computed using raw
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images and high-pass filtered images, even when the rotational search was fully applied.
(The computation using images of 18 hours separation shows the resultant field has 18
erroneous vectors for the case using raw images, 17 for that using high-pass filtered
images, and 25 for the field computed using gradient images, even when the rotational

resampling was applied to the entire image domain.).

Additionally, in the real image sequence, the noise is entirely random and because it is
predominantly high frequency, it may be significantly enhanced in the gradient
computation process. Therefore, as the results show in table 5.4, the resultant field using
gradient images is very inconsistent and has a large number of erroneous vectors
compared with the results using (real) raw images and (real) high-pass processed

images.

The high-pass filtering enhances the small scale features and yields sharply defined
correlation functions compared to those computed with the raw images (see Figure 5.13
Plate A and B). For the synthetic images, the use of the high-pass filtering slightly
reduces the number of erroneous estimates compared to those computed with the raw
images (reduction of 1 for the image pair of 12 hours separation, and 3 for the 18 hours
separation). The high-pass filtered images yield relatively lower correlation values than
when raw images are used, However, when the rotational method is applied, the
increase in correlation values for the high pass filtered images is greater (larger) than for
the raw images. For example, the mean maximum correlation value increases from 0.61
to 0.66 compared to 0.76 to 0.77 in the case of raw images (for the 12 hours separated
images). This is because the high-pass filtering increases the sensitivity of the
correlation value to the displacement and deformation. Generally, the raw and high-pass
filter processed images (using 25x25 window) produced relatively better estimations in
this study. Although the rotational search increased the correlation values, the mean
correlation value 0.66 is still quite low, and this is due to the noise which is enhanced
by high pass filtering and unresolved deformation of SST features due to straining
motions. The tests in Chapter 7 showed that by resolving the deformation with bilinear
flexible template the average correlation value was increased to 0.88 (see Table 7.2,

section 7.5.1).
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Table 5.2 and 5.3 also shows that the mean correlation values from high pass filtered
images were lower than raw images. This is because the long wavelength components
were removed in high pass filtered images. The correlation value of long wavelength
components are less sensitive to the spatial lag and deformation between the
homogeneous features. Thus, the long wavelength components contribute to the high
correlation value, but they are less traceable than small features (short wavelength
components). This is evident from the tests using the low pass filtered images, where
the average correlation value was 0.97, it was much higher than that from the high pass
filtered images (0.66), however, the displacement field derived from low pass filtered
images had much more erroneous estimated vectors (37) than that derived from high
pass filtered images (7). Therefore, the higher correlation values of raw images and low
pass filtered images, which contain long wave length components, do not necessarily

provide better resultant vector field than high pass filtered images.

In the case of using real images, the results in Table 5.4, Figures 5.12 and 5.13 show
that the velocity field estimated using high-pass processed images is more consistent
than that estimated using raw images. These results differ from the evaluations using
synthetic images, where the resultant velocity fields using raw images is not
significantly worse than those computed using high-pass filtered images. However,
when using real raw images, the resultant velocity field (of 44 erroneous vectors) is
significantly less consistent than that using the high pass filtered images (of 25
erroneous vectors). As has been mentioned previously, the non-advective processes are
not simulated in the synthetic images, while, when using real raw images, these
processes can degrade the estimation. However, a part of these non-advective processes
may have relatively large spatial scales, compared with those due to mesoscale
advective motions. When a high-pass filter is applied, part of the effects due to these
non-advective processes (which are of large spatial scales) are removed, thus generating

a relatively better velocity field estimation.

5.7.5 The Effect of Time Separation

Besides the matching methods and the dominant frequency of the input images, the

study also shows that the time separation of the images sequence is also crucial to the
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quality of the estimation of the velocity vector. The number of erroneous displacement
vectors for image pairs of 18 hours separation are almost doubled compared with those
obtained from 12 hours separation, when processed with the same computation
combination. For example, with the raw images, the total erroneous estimates increased
from 16 for the velocity field computed using the basic MCC method and 8 for that
using the rotational method, to 31 and 18 respectively when the time interval increases
from 12 hours to 18 hours. Therefore, the increased time interval generates an

unacceptably inconsistent velocity field when the rotational MCC method was not

applied.

5.7.6 Erroneous Estimates Due to the Form of the Correlation Function Distribution

Both the tests using synthetic images and real images show that the high-pass filtering
makes the small features more traceable, and the rotational resampling resolves the
displacement due to the rotational motion, thus, both processes significantly increase
the quality of the estimation as shown in Table 5.2 and 5.3, and discussed in previous
sections. However, a large number of erroneous estimates still resulted. These erroneous
estimations were mainly due to the poor correlation between the homogeneous features
in subsequent images, cloud interruption, and the multiple-peak and elongated
distribution of the correlation matrix. Among these, the multiple-peak and elongated
distribution of the correlation matrix are the main error sources. For example, in the
resultant vector field computed using high-pass processed real images and the rotational
MCC method, there were a total of 25 erroneous estimates. Among these, only 1 was
due to the cloud interruption, and 3 due to the poor correlation, while the multiple-peak
and elongated distribution of the correlation matrices caused 21 erroneous estimates.
Figure 5.16 shows the distribution structure of the correlation matrices computed using
high-pass filtered real images and the rotational MCC method. Where, the colour
coding is the same as that used in Figure 5.14 and Figure 5.15 (i.e. the correlation
values are coded in colours ranging from blue, green, yellow, orange to red in ascending
order). The maxima of each matrix are marked with white cross. The elements rejected
due to cloud cover are white. The matrices corresponding to the erroneous estimates are

marked with a white frame.
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Figure 5.16 The cross-correlation matrices computed using the rotational method and
high-pass filtered 12 hours separated real images. The elements which were rejected
due to cloud cover are coloured white, and the matrices corresponding to the erroneous
estimates, are marked with white frames.

Figures 5.15. Plate B, C and D, and Figure 5.16, show that there are a large number of
correlation matrices of an elongated distribution form. The comparison between these
figures and the SST image shown in Figure 5.1 shows that the elongated directions are
parallel to the SST patterns borders which are of strong gradients such as the jet, in the
up image domain and the eddy in low-left image domain. Since borders of these SST
patterns are of a large gradient in the cross-border direction and the length of these
borders are much longer than the template size, they are similar to linear step features in
a template. If there are not sufficient traceable small features on these borders, or the
gradients of the small features are not sufficiently strong, there may be a large number
of sub-images in the search area from the second image, containing a similar pattern as

the template as shown in Figure 5.17, and the correlation values corresponding to these
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sub-images may be equally high. Since the gradient of gray values is strong in the cross
border direct, the correlation value will decrease rapidly when the sub-image is away
from the border. Therefor, the cross-correlation matrices corresponding to these features
usually have a multiple-peak or elongated distribution form and the elongated direction

1s usually parallel to the direction of the borders.

Template from first

Sub-images in search area
which contain the similar
pattern as the template

Sub-image away
from the border

Search area from second image

Figure 5.17 Sketch for the cause of elongated distribution form in correlation matrix

These types of correlation matrices have a large number of elements of almost equally
high correlation values, and the maxima can easily shift from one element with high
correlation value to anther with similar correlation value, due to the influence of a small
amount of unresolved displacement and deformation or noise, thus resulting in
erroneous estimates. The use of high-pass filtering increases the traceability of the small
features, and the rotational search increases the correlation value of the rotated
homologous features, which partially address the problem. However, the tests also show
that, the use of high-pass filtering and the rotational search method do not change the
basic multi-peak and elongated distribution structure of the correlation function. The
insignificant difference in correlation value among these elements introduces
uncertainty into the estimation. Thus, in these cases, the magnitude of the correlation
value alone cannot provide a reliable measure, and it is essential to include

neighbouring information through contextual constraints.
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In a number of previous research studies, a vector coherency (a contexture constraint)
test was applied to the estimated velocity field. The test assumed the velocity field
should vary smoothly from grid to grid. Kelly et al. [1992] tested a vector field with a
running 3x3 sub-grid. The vector located in the centre of the sub-grid which differed
from its sub-grid mean (computed with 8 nearest neighbouring vectors) by more than 3
times that of the sub-grid standard deviation, was replaced by a new vector calculated
by searching a smaller region around the mean displacement. A similar test was
employed by Emery et al. [1992]. These studies show that the vector coherency test can
eliminate large numbers of mis-estimates. The tests described in this chapter and a
number of other studies (see Emery et al. 1992, for example) show that the vector field
can frequently be incoherent throughout the whole neighbourhood rather than at just
one or two isolated points. In this situation, a large percentage of the vectors used to
compute the sub-grid mean may themselves be the “bad” estimates. Consequently the
coherency test may yet fail due to the poor reliability of the reference set, the sub-grid

mean.

There are a number of optimisation techniques that can be used to reduce the
uncertainty by introducing contextual information into the estimation. In the following
two chapters, two techniques will be considered to reduce the estimation uncertainty

and improve the estimation reliability and robustness.

5.8 Summary

Both the studies using the synthetic images and the real images reveal three main facts:

1. The rotational search is essential in high dynamic areas, such as the frontal area
which may have strong eddies and rings. Especially, when the temporal separation
increases to 12 hours and above, the unresolved displacements and deformations due
to rotation and straining may significantly degrade the estimation of the displacement
field. The tests in this chapter show that the inclusion of the rotational motion into

the estimation model significantly improves the quality of the results. Tests also
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show that the effectiveness of using the rotational MCC method increases as the

frequency of the SST features increases.

2. The use of a high-pass filter of 25x25 to 35x35 window, can enhance the traceability
of small features, and consequently, improve the estimation quality. However, it also
reduces the tolerance to unresolved displacement and deformation. Therefore, when
the high-pass filter or gradient operator is used, the use of the rotational search is

€ven more necessary.

3. Due to the high auto-correlation along the border of the SST patterns, the
corresponding cross-correlation function frequently has a multi-peak or elongated
distribution. This form of distribution of the correlation function introduces a high
uncertainty into the estimation of displacement field, and consequently, results in
erroncous estimates. The rotational search and high-pass filtering partially addresses
this problem, but both techniques cannot change the basic (the multi-peak or
elongated) distribution structure. A correlation function of such distribution cannot
alone provide a reliable measure for the displacement determination, and additional

information is essential to resolve the uncertainty..
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Chapter 6

Improving Estimation Reliability with Relaxation Labelling

6.1 Introduction

The study in Chapter 5 has shown that a large number of the correlation matrices are of
multi-peak or elongated distribution due to the high auto-correlation of the borders of
SST patterns, and the correlation matrices of such form introduce uncertainty in
homogeneous feature correlation. The use of high pass filtering and rotational search
improves the estimation quality. These two techniques partially addressed the problem,
but does not change the basic multi-peak and elongated distribution structure of a
correlation function. In these situations, the magnitude of correlation value alone cannot
provide a reliable measure. Therefore, it is essential to include extra information to
reduce the uncertainty and improve the reliability. The contextual relation is a valuable

information source to reduce the these effects.

In a number of previous research studies ( for examples, Kelly et al. [1992] and Emery
et al. [1992]), a vector coherency (a contextual constraint) test was applied to the
displacements estimated using MCC method . The test assumed that the velocity field
should vary smoothly from grid to grid. These researchers showed that the vector
coherency test can effectively eliminate mis-estimates in some cases. However, the
vector field can frequently contain a large percentage of erroneous vectors in a sub-grid.
In this situation, the sub-grid mean, which is used as the reference for the coherency
test, may be the “bad” estimation itself. Consequently the coherency test may yet fail

due to the poor reliability of the reference set.
There are a number of optimisation techniques that can be used to reduce the estimation

uncertainty and increase consistency such as the relaxation labelling and the dynamic

programming. In this chapter, a new approach based on relaxation labelling techniques
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1s proposed and tested to reduce the uncertainty due to the multi-peak or elongated
distribution of the correlation matrix. The new approach, first computes the correlation
distribution of each search area, that the correlation value of each position of the search
area 1s computed, using the correlation computation method with rotational searching
which has been described and tested in Chapter 5. Then, the computed correlation
matrices (the correlation distribution function) are scanned, to identify and search for
the multi-peaks and the ridge of the elongated correlation clusters, which are usually of
high correlation value. The identified elements, the multi-peaks and elements on the
ridge of the elongated correlation patterns, are selected as the initial candidates for the
relaxation process. Then a relaxation approach is applied to iteratively reduce the
ambiguity among the multiple candidates, and optimise the estimation based on both the
compatibility of contextual relation and correlation value. Finally, a refining process,
also based on relaxation labelling technique, is then applied to further improve the
quality of estimation. The candidate selection and relaxation processes themselves are
very fast. However, since the correlation distribution is computed using brute force
strategy as that used in MCC method, this step is extremely time consuming. To
improve the computation efficiency, the feasibility of using the correlation distribution
coarsely determined with a leap-frog strategy for this approach, is also tested in this

chapter.
6.2 The Basis of the Relaxation Labelling Process

6.2.1 The Mathematical Framework of the Relaxation Labelling Process

Relaxation labelling processes are a class of parallel, iterative approaches for reducing
ambiguity and increasing consistency of a relational net. The relaxation labelling
approach was popularised by Rosenfeld et al. [1976]. Since then, it has been widely
employed for image classification, edge enhancement, feature enhancement, stereo
matching for digital terrain model (DTM) generation and some high-level image

interpretation. A comprehensive review has been given by Kittler et al. [1985].

There are two sources of information employed in the relaxation labelling processes:
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1. the initial probability of labels, the measure of likelihood or certainty of each

candidate is appropriate for a node in a relational net, and

2. the compatibility relationships among candidates at neighbouring nodes.

Assume that there are a set of objects A={q; | i=1,2,...n} with specified neighbourhood
relations holding over this set. The object set forms a relational net and each of the
objects can be viewed as a node of the net. In this application, the grid is viewed as a
relational net and the grid points are the nodes of the relational net. Attached to each of
the objects (nodes) is a set of labels (the candidate velocity vectors in our case) A={A;
|k=1,2,...m}, where each candidate indicates a possible interpretative assertion of that
node. Each of these candidates has an initial measure of likelihood or certainty to

indicate the degree that the candidate A; is appropriate for the node a;. This measure is

denoted by P={p{ ) | k=1,2,.m,}

The probability estimates for each label are iteratively updated on the basis of the
probabilities distributed over the label sets on neighbouring nodes. These probabilities
interact through a compatibility function defined over pairs or groups of candidates on
neighbouring nodes. The compatibility can either have a form of correlation coefficients
between a candidate 4; on node a; and candidate A’ on node a;, denoted by r{ Ak
, A'D), -1Sri(Ar, A')21 [e.g. Rosenfeld et al 1976], or a form of conditional probability
p,-,(/ikll’l), 0< p,](/iklzl’I )21 [e.g. Peleg, 1980]. The compatibility can be measured
either on the basis of an apriori model (for example, a physical model) or statistics. It is
these compatibility measures which provide the means for incorporating heuristic
knowledge into the process. The initial probabilities P’={p’(4) |Ic=1,2,..m,}, can be
obtained either based on some sort of a posteriori information, or assigned a uniform

value, in the absence of any a posteriori information.

Based on the initial probabilities of each label and mutual compatibilities, the relaxation
labelling process iteratively updates the probability of each label to achieve an
unambiguous and consistent labelling of the relational net. The foundational updating

scheme (with a first order compatibility function) of the non-linear probabilistic
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relaxation labelling process suggested by Rosenfeld et al [1976] is formulated as

follows.

Assume, an arbitrary node a; within a relational net which has m; candidates A
k=1,2,..m; . The node a; has n related neighbours a; /=1,2,..n and each neighbouring
node has m; candidates A’ /=1,2,...m;. The supporting evidence, or contextual influence,
given to a label 4; on node g; by candidates 4’ /=1,2,...m; on node g; is given by —

4! 0u) = Do, O N )P () (6.12)

m
I=1

and the total support for this candidate provided by all of its related neighbours is given

by —

0 0:)= 20 )= 36, D, O kR (61b)

J=1 =1

where the c;are the weights which satisfy ZC,-,- = 1 and insure that ¢’{4) is in the range
J=1

[-1,1]. Then the probability of the candidate 4; on node a; being updated is given by

following equation —

pir+1(;\'k) _ ml’i (A +4g; (A)] 6.1c)

gp: O +¢! A)]

where the superscript ¢ is the iteration number, ri{A, A7), -1<ri{ A4, A’)=1 denote the
first order compatibility coefficient between candidate A; at node a; and the candidate
A’ at node a;. The probability of each candidate on each node is updated iteratively,

until no further changes occur. It is required that the sum of the initial probabilities of

all labels on a node satisfy Z pl(A,)=1 for every note a; and the equation (6.1c)
k=1

insures the updated probabilities still satisfy the condition Z pi(A,)=1 for every i
k=1

and ¢.
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It is possible to define the compatibility function and the support function in terms of
higher order combinations of neighbouring candidates. In second order combination

cases, the support function and the updating equation have the following form—

s ,m
go(A)) = chin,-,o,, My A )P (VP (A) (6.2a)

s=1 k=1 n=1

PoA)[1+g5(A)] (6.2b)
gmamu%um

P(I)H )=

where S is the number of the combinations of neighbouring nodes, ¢, are the weights
S

which satisfy ch =1 to insure ¢'(4) within the range [-1,1], and r;q A A, A 7s)
s=1

denotes the compatibility of candidate vector 4; at node «, against candidate vector A’
at the neighbouring node 4; and A7, at a;. The relaxation process in this proposed

approach is of second order neighbouring combinations.
6.2.2 Convergence and Equilibrium Point of Relaxation Process

The probability relaxation schemes have been demonstrated in many applications, to
have a capability to increase the consistency and reduce the ambiguity of the labelling
of a relational network. However, its formal convergence properties were not given by
Rosenfeld et al. [1976). Zucker et al [1978] have shown that the process, with an
updating scheme as described in equation (6.1c) or (6.2¢), could converge in following

cases, and if the process converges, then following one of following cases results:

Case I: p'{(2)#0 for all i and k and Q'; =fI, where f is a scalar, and I is an identity
matrix, and Q' is mxm diagonal matrix which contains the total supporting

coefficients for each label attached on node a; .

[¢m> 0 0 }
oo O W0 0
I_ 0 0 q,.‘(xm)J
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case 2: p'{Az)=0 for some labels A, (but not all ), 1< & >m. The corresponding ¢'{1s)

are arbitrary, however the remaining ¢’(4)=p for k=a.

case 3: p'{Az)=1 for exactly one label A, , 1< @ >m, and p'{4;)=0 for all k#a. This

corresponds to a unique interpretation case.

The equilibrium points can be illustrated as follows. If the process converges after

iteration “s+1”, the updated probabilities of all labels at all nodes satisfy
2 () - pi () 1=0 foreveryiandk  (6.3)

Practically, the relaxation process is terminated when this difference smaller a sufficient
value €. Substituting updating scheme (6.1c) into equation (6.3), gives the following

relationship:

t
P — L+g,(hy) -1|=0 foreveryiandk (6.4)
> P (RO + g, (A,)]
k=1

Since Z pi(A,)=1, the expression in the bracket of equation (6.4), becomes the
k=1

following condition for every i and k, where p'(1;)#0.

g, (M) = ;p{(?xk)q,.'(kk) foreveryiandk  (6.5)

Since this expression is a constant for all i and £, and z pl(A,) =1, if P’ )20 for all i
k=1

and k (the case 1), then the requirement expressed by equation (6.5) implies that O, =4
For case 2, in which p/(1,) = 0 for some candidates A,, 1< o >m, and the probability
D' Ax) # 0 for other candidates A; £ # a (i.e. The node g, has m candidates A, k&=1...m.
Among these m candidates, the probabilities corresponding to some candidates A,
becomes zero after ¢ iterations, where the subscript a used to denote the candidates with
zero probability). The equation (6.5) implies that the ¢(4;) = f for candidates A; with
P'(A)20 (where the Bis a scalar, a constant, as previously defined), while the ¢(4) can
be arbitrary, for the candidates A, with probability p’(1,) = 0. The case 3, in which
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P'(Az)=1 for exactly one label A, , 1< @ >m, and p'(A4)=0 for all kza., satisfies the
condition described by equation (6.5). Since on each node a; has only one candidate
probability of 1 (i.e. one candidate is appropriate for one node), this is a unique
interpretation case. Detailed discussion of the equilibrium points of the updating scheme

expressed within the equation (6.1a),(6.1b) and (6.1¢) can be found in Zucker et al.
[1978].

Generally, the processes could converge to both unambiguous and ambiguous
interpretations. In an unambiguous interpretation, each node has only one possible label,
while, when the neighbouring contribution approaches a constant, the process converges
to an ambiguous interpretation. The intuitive sense of this situation is that the network
contains insufficient local information suitable for further resolving the ambiguity. In

such cases, additional information is required or control should be passed to another

process.

6.3 The Design of the Relaxation Approach for Velocity Field
Estimation

The proposed approach consists of four processing steps:

1. correlation distribution computation

2. correlation distribution feature identifying and candidate selection

3. approximate relaxation process |

4. refining process

The flowchart of these processes is shown in Figure 6.1. The details of each step will be

discussed as follows.

6.3.1 Grid and Correlation Computation

As for the MCC method, in the new approach, the image domain is divided into a grid.
Each node of the grid associated with a sub-image from the first image, is named as a
pattern tile, and a search area defined in the second image (see Chapter 5 for the

details). The nodes of the grid are 24 pixels (about 26 km) apart from each other in this
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correlation matrices computation
input: consecutive images
output: the correlation matrices of each search area

Y

candidates selection
input: the correlation matrices
output: candidate set

Y

approximate relaxation process
input: the candidate set
output: the approximate vector field

Y Y

candidate set reorganization
input: 1. the candidate set
™ 2. the approximate vector field from approximate relaxation
process, or the refined vector field from last refining iteration

output: reorganised candidate set

Y

refining relaxation process
input: reorganised candidate set
output: refined vector field

Y

iteration termination assessment
Comparing the current refined field against the field from the last iteration,
— if the difference of each vector from two field leas than 1 pixel, then
terminate the refining process, else, go back to candidate set reorganising

1

output resultant vector field

Figure 6.1 The flowchart of relaxation estimation scheme

study. The pattern tile is 45x45 pixels, the size of the search area being defined
according to the possible maximum displacement. The approach firstly computes the
correlation value of every position of each search area with a rotational correlation
computation method as described in Chapter 5 (see also Kamachi [1989] for details). To
include all possible estimates, the approach records the correlation value of the entire
search area, rather than simply selecting the search-area-maxima as the estimates of the

corresponding node, as in the MCC method. The recorded correlation values of a search
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area forms a correlation matrix for each element of the matrix, corresponding to each
position of the search area, which represents the cross-correlation function distribution

within a search area. Then, the computed correlation matrices are input to the candidate

selection step.

The subsequent steps — the candidate selection, the relaxation and the refining, are
very fast processes. However, the computation efficiency of the approach is limited by
this extremely time-consuming correlation matrix computation step, due to its brute
force search strategy. To improve the computational efficiency, in this chapter, the
relaxation process, based on the candidates selected from matrices coarsely computed

using the leap-frog strategy, is tested.

6.3.2 Candidate (Label) Selection and Initial Probability

As has been shown in chapter 5, the correlation function frequently has a multi-peak
and elongated distribution. The peaks or the ridge of the elongated distributed
correlation clusters are usually of almost of equal correlation value. Thus, all the
displacements corresponding to these elements are the possible estimates of a node.
Generally, each node is associated with more than one candidate. Then, the optimal
estimate of each node is determined from the selected candidate set by the relaxation

process, based on the correlation value of each candidate and the compatibility with the

candidates at its neighbouring nodes.

Theoretically, all peaks and the elements along the ridge of the elongated clusters
should be selected as the candidates due to their almost equally high correlation values.
However, if two candidate elements are spatially locate too close to each other, the
corresponding candidate vectors would also be similar. The compatibility values of
these two candidate vectors would be also very similar to each other. If the initial
probabilities of these two candidate vectors are also similar, the equation (6.1a) (6.1b)
(6.1c) would update the probabilities of these two candidates in similar way, thus, the
process could converges to a ambiguous equilibrium point described in case 2 in section
6.2.2 (ie. There are more one candidate equally appropriate to one node, and the

relaxation process based on Rosenfeld et al [1976] scheme may not able to
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“discriminate” which one is better). Thus, it is essential to have a distance between
adjacent candidates. However, if the interval is too large, the selection process may
miss the correct candidate. Because the results of the relaxation process can be easily
refined with further processing such as a least squares matching method, the procedure
generally requires less precise, but correct initial estimates. In other words, the focus of
this process is correctness rather than accuracy. The approach only requires the peaks of
each cluster and the elements along the ridge of elongated clusters to be selected as the
candidates. The selection is further constrained to require the candidates to be separated
from each other by a certain distance. The candidate selection is implemented using a

matrix scanning process which consists of histogram analysis and cluster analysis.

The first step of the scanning process is histogram analysis. The analysis process firstly
generates a histogram of population of elements at each correlation level above a basic
correlation threshold N(c), where c is the correlation value N is the number of elements
of a correlation value c. The basic correlation threshold is determined using a empirical
method similar to that used in Tokmakian et al. [1990] by applying the MCC method
(without rotational search) to 4 unrelated images. The images are separated by 6 months
to 2 years and geographically separated by 250km to 500 km, assuming all correlations
between the images to be random. The images were organised into 6 combinations
(pairs). The 80 percentile value for all of the maximum correlations found between the
images was used as the basic correlation threshold. When the high-pass filtered (with
35x35 window) images were used, the value was 0.42, and in following test the basic
correlation threshold was set at 0.45. In contrast to the correlation significance test in
the MCC method, the basic correlation threshold is only used to exclude the elements
which are significantly not correlated. Therefore the threshold value should be lower
than in the significance test. Since the selected candidates will be processed by the
relaxation process, the accuracy of the determination of this threshold is much less

crucial than in the significance test of the MCC method.
If the population of elements of correlation values above the basic correlation threshold

is greater than 1/10 of the total number of elements of the matrix, the process then
adaptively adjusted upwards the correlation threshold, based on the histogram N(c), to
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let only the top 1/10 of the elements of the highest correlation values pass this threshold,
and only the elements of a correlation values greater than the increased correlation
threshold are considered in the subsequent cluster analysis. When the population of the
elements of correlation values greater than basic correlation threshold is less then 1/10
of the total number of elements of the correlation matrix, the elements of correlation

value above the basic correlation threshold are passed onto the subsequent analysis.

The cluster analysis is designed to identify the characteristics of the distribution of the

correlation function, and provides the following information

whether the matrix is multi-cluster distributed

if the matrix has a multi-cluster distribution, then how many clusters exist

the population of each cluster

the shape of each cluster

Figure 6.2 The selected candidates based on the full resolution correlation matrices
computed using rotational MCC method for 18 hours (equivalent) separated high-pass
filtered synthetic images. In the figure, each square is a correlation matrix, the
correlation value are colour-coded ranging from blue, green, yellow, orange to red in
ascending order. The selected candidates are marked with white crosses.

If a cluster is of elongated distribution, then the process searches for the ridge of the
cluster and selects a candidate at specific intervals starting from the cluster maxima

along the ridge of the pattern. The interval between the candidates is designed to avoid
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the relaxation process converging to an ambiguous equilibrium for the reason discussed
in the beginning of this section. As the resultant field will be refined by a least squares
method, and the focus of the relaxation process is the correctness rather than the
accuracy of displacement field, the selection of the interval between the candidates is
not very crucial to the final result. To approximately determine the candidates’ spatial
interval, three candidate sets were selected from full resolution correlation matrices with
intervals respectively 5 pixels, 7 pixels and 10 pixels apart, and tested using the
relaxation process described in sections 6.3.3 to 6.3.5. Tests show that in all these three
cases the process converges, and the resultant fields are identical. However, the
computation using the candidate set selected with 5 pixels interval takes about twice as
long as the cases using candidate sets with 7 and 10 pixels intervals, due to the fact that
the closer the candidate, the more ambiguous the candidate set. In the tests described in
this chapter, the interval of 7 pixels was empirically chosen for selecting candidates
from full resolution correlation matrices, and 2 elements (i.e. correlation matrix
elements) for the cases using coarse correlation matrix determined with the leap-frog
method. This method computes the correlation value of every 5th position of a search
area, rather than every position, when the leap-frog step is set at 5. When the leap-frog
step equals 5 and the candidate interval is 2 elements apart, it is equivalent to an interval
of 10 pixels in the full resolution correlation matrix case. Then the coordinates in the
correlation matrix (7,c) of these selected candidates are converted to corresponding
displacement vectors (dx,dy). As an example, the selected candidates based on the
correlation matrices computed using the rotational MCC method with 18 hours

separated high-pass filtered synthetic image is shown in Figure 6.2.

The initial probability of the candidate vectors at each grid point are calculated based on
their correlation value. Because the approach is based on the scheme suggested by
Rosenfeld et al [1976], which requires the sum of the initial probabilities of candidates
of a node to be equal to 1, the initial probability of a candidate Ak at node i is calculated

using the following equation:

p(A,)= m,P'i (he) 6.7)
>opi ()
where Pi(A) = 5P, (At ) = Prmin ) + Prin
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and pi(Ay) is the correlation value the candidate Ax at node a;, m; is the number of
candidates at a;, Pmin 15 the minimum correlation value among the selected candidates of
that the node is associated with, and s is the a scaling factor, which controls the

differences between the initial probabilities of selected candidates.

The relaxation procedure is based on two sources of information, the initial probability
and the compatibility among the candidates of neighbouring nodes. Generally, the
larger the differences among the initial probabilities of the candidates of a node, the
lower the degree of the initial ambiguity of the relaxation process, and the initial
probabilities may contribute more to the relaxation process in the first a number of
iterations. For the relaxation process based on Rosenfeld et al. [1976] scheme, when
only one candidate has an probability equals 1, among the candidates of a node, while,
the probabilities attached to the rest candidates equal to zero is a unique (ﬁnambiguous)
interpretation case, as the case 3 discussed in section 6.2.2. Therefore, when initial
probabilities of a node have a distribution close to this unique interpretation case, this
node is nearly unambiguous. At least in the first few iterations the candidate of initial
probability nearly equals 1, can have a significant influence on the relaxation process.
At the other extreme, if all candidates of a node have equal initial probability,

1
(A= o k=1,2,...,m;, then the initial probabilities do not convey any information,

i

and the relaxation procedure is based solely on the compatibility among the candidates.
Because the initial probabilities deliver the valuable information of the basic structure
of the estimating field, it may be preferred to use a large s to influence the relaxation
process, allowing convergence to a consistent field closer to the initial status.
Alternatively, because the initial probabilities contain a certain degree of error, the use
of a large s value may also strengthen the influence of candidates of the erroneous high-
correlation value (or erroneous high-initial-probability). Therefore, the question to
resolve is whether the relaxation process has a capacity to adjust the erroneous initial
status when a large value of s is used, in other words, whether the magnitude of the

scaling coefficient s can affect the result of the relaxation process. This will be tested in

a series of experiments given later in this chapter.
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In the cases of real images, the grids (nodes) may be situated in cloud covered areas,
where the corresponding correlation matrices cannot be computed. Therefore, the
previous method cannot provide candidates and associated initial probabilities for these
nodes. Hereafter, these nodes are named as “no-apriori information” nodes. The

treatment of no-apriori information nodes will be discussed in the following section .

6.3.3 Neighbourhood Structure and Compatibility Function in the Approximate
Relaxation Process

As has been discussed in section 6.2, in a relaxation process of second order
neighbourhood candidate combinations, the compatibility function r;9{4%4;,4",
provides a measure of the compatibility of the candidate vector 4; at node a, with
candidate vector A’ at neighbouring node a;, and A7, at a;. The compatibility function
plays a role in a similar way to the constraint equation in the least squares computation.
For the ocean surface velocity field estimation, theoretically the compatibility function
can be designed on the basis of physical models, such as the momentum conservation
equation, continuity equation efc. or some approximation assumptions, such as the
smoothness of the velocity field which is used in the proposed approach. However, the
compatibility function and the support function based on these models contains the
higher order neighbourhood candidate combinations (orders higher than 3, ie. the
compatibility function, supporting function, and updating function are based on a
combination of more then 4 neighbouring nodes, rather than a combination of 3
neighbouring nodes as the case of second order combination described by equation

(6.2a) and (6.2b)), therefore, increase computational complexity and computing costs.

The appropriateness of the assumption of smoothness of the velocity field to the
specific problem depends on the gradient of the velocity shear of the area and the
density of the grid points. The relatively dense grids used in the study are 24 pixels
(about 26 km) apart. Although, the spatial scale of some oceanic processes is not very
well known yet, through a series of oceanographic experiments during the last decades,
oceanographers have found that the variabilities at length scales great than 50 km
carries most of the dynamic energy especially, the variabilities of a spatial scale 100 km

(see Maul et al. [1980], TOPEX [1981] for example). This part of processes are most
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important for understanding oceanic currents. It is reasonable to assume that the
velocity or the displacement field due to this part processes should vary smoothly in
most parts of image domain at such a grid scale. The estimated field in the area of large
velocity shear gradients may be over-smoothed in the approximate relaxation process
and may need to be refined. Thus, in this study, the compatibility function in the
approximate relaxation step is designed based on the assumption of the smoothness of
the velocity field, and the function uses the magnitude of the second order difference of
3 neighbouring candidates (see equation (6.8)) as the measure of the smoothness. The
compatibility function and the support function contain the second order combination of

neighbouring candidates.

direction 2 direction 3 direction 4

P a

as a4

direction 1
al o o ds

Figure 6.3 The neighbourhood structure for the compatibility and support function

For the compatibility function and support function based on the second order
difference, we further define the relation net to possess a neighbourhood structure as
shown in Figure 6.3, where each node of the grid q relates only to its 8 immediate
neighbouring grid points, a;, a, ... as. The contextual information contained by the far
neighbours is not directly passed onto it through the compatibility coefficient, but
conveyed through the iterative procedure. Each node is attached to a set of candidate
displacement vectors (or velocity vectors) which are selected in the way described 1n
section 6.3.2. Each of the candidate vectors has an initial probability determined from
the cross-correlation value computed using the rotational correlation method. With the
ay as the center, these 9 related nodes can be organised as 4 groups in 4 directions as

shown in Figure 6.3. For example, in the horizontal direction, there is a group of nodes
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aj, ap and as. In this approach, only the compatibilities in each of these 4 directions are

computed.

For a direction which contains nodes a;, ap and a;, and each of these node is attached to
a set of candidates 1’ &=1,2..m; , 4; I=1,2...my and 4”, n=1,2...m; respectively, then the
compatibility of a candidate 4, at ap with candidates A% and A", at neighbouring nodes
a; and a; — ri0{(A’1,A4,A "), 1s derived based on the magnitude of the second order
difference of these three candidates, djgf{4%A4;,4",) in the approximate relaxation
process. The magnitude of the second order difference is given by the following

equation:

dyo, Wy Ao A" ) = R =H) - (R =R,

(6.8)
= (5, =25, +2,) + (7, = 29, +3,)°

where, the x¢ , y& , X/, y1, and x,, , y, are the components in the x and y direction of
vectors A% , A, and A7, respectively. Then, the second order difference is converted to
the compatibility coefficient using the following function:

42

1 " i,0,j
oy (Vi A2, ) = 2exp(—57) - 1 (6.9)

The compatibility coefficients computed with equation (6.9) satisfy the rules described
in Rosenfeld et al [1976], being —

1. The compatibility function is defined within the range -1<r;9 (4%, 4,4 72)=1.

2. When the djo{A%4;,4A") = 0, the vectors vary smoothly, and the compatibility

coefficient r;g (A%, AnA " n)=1.

3. As the difference among the candidates d; {4 ,4;,4”s) increases, the compatibility

coefficient r;g (4, 4,4 ") decreases towards -1.

The parameter o in the compatibility function (6.9) affects its sensitivity to the
difference of vectors and convergence speed of the relaxation procedure. If o is large,
the differences among the compatibility coefficients of the candidates of a node will be

small, and the relaxation procedure will converge slowly. Conversely, if o is small, the
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process may converge faster, and the local compatibility and local initial probability
information will predominate. When the local initial probability (i.e. the initial
probability of candidates) information is not correct and the erroneous candidates have
extremely large initial probabilities, the correct candidates at the node of the
outstanding erroneous candidates, and the candidates attached to the nodes around it,
may be eliminated before the global contextual information is conveyed into the
neighbourhood. To balance the sensitivity, a variable o is used in this approach.
Initially, a relatively large o is used to allow the relaxation process to convey contextual
information globally, then, the magnitude of o is gradually reduced, to increase the
sensitivity of the compatibility function. The rms magnitude of the second order
difference among all the candidates of the entire image domain is used as the initial
value of o, and it is updated iteratively by the new rms difference after each iteration.
As the wrong candidates are gradually eliminated in the iterative procedure, the rms
difference will become smaller. To gain a approximate idea of the rms magnitude of
second order differences of a no-error displacement field, the mean and the rms
magnitudes of the second order differences of the control displacement field of 18 hours
separation was computed using equation (6.8). The mean magnitude of the second order
differences of this field is 3 pixels, and the rms magnitude of second order differences is
16 pixels. This means that even in an error free field can still have about 32 % second
order differences greater than 16 pixels and about 10% greater than 2x16 pixels. And
when the rms magnitude of the second order difference becomes smaller than 15 pixels,
the relaxation process is likely to approach towards a correct equilibrium point. To

prevent o becoming further smaller, a o equal to 1.6 times the rms difference is

—-d* .
applied. The equation (6.9) gives a negative value, when 5 "g” <-0.7, and gives
c

2

-d?, .
positive value when 5 "(2)” >-0.7. Therefore, when o =1.6 x (rms difference), the
c

equation (6.9) gives negative values to the candidate vectors of second order difference
dro; > 2 x (rms difference). It means that only 10% of the candidates are negatively
supported when the rms magnitude of the second order differences becomes smaller

than 15 pixels.
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The use of the second order difference of vectors as the measure of the smoothness of a

field rather then the first order difference, is based on the following two reasons.

Firstly, as mentioned previously, the compatibility function acts as a constraint. The use
of the first order differences as the smoothness measure forces neighbouring vectors to
be the same. However, the compatibility function, based on second order differences,
only constrains the shear of neighbouring vectors to be the same. It allows the

neighbouring vectors to be different, but constrains them to vary smoothly.

Secondly, compatibility based on the second order candidate combination contains
contextual information derived from 2 neighbouring nodes (there are a total of 3 nodes
involved in the compatibility computation). In comparison to the relation net structure
using first order difference, where only one neighbouring node is involved in each
compatibility coefficient computation, the relation net structure using second order
difference is strengthened, and therefore, the reliability of estimated compatibility

should be enhanced.

Also the compatibility function defined by equation (6.9) constrains the magnitudes of
the second order differences, among the neighbouring vectors of the resultant field, to
be zero in four directions as shown in Figure 6.3. Since, equation (6.9) increases as the
second order difference d;,; decrease, and when the second difference dj,,;= 0 equation
(6.9) reaches maxima 1, the equation (6.9) supports the candidates which satisfy d;,,~ 0
more than those with dj,; # 0. However, the second order differences are not strictly
equal to zero. As mentioned previously, the rms magnitudes of the second order
difference of the control displacement field (i.e. a error free displacement field) of 18
hours separation can be up to 16 pixels. Therefore, the correct compatibility function

should have the following form:

~[d, o (%)= dios(x)F ~d,o,;(»)~dio; WP
hios (N A, ) = exp(—= x262 i +exp( y202 4 )1 (6.10)

Where, the d i07(x) and Ei,o,; (y) are the optimal second order differences, in x and y
directions respectively, among the vectors at nodes i, 0 and j. However, they are not

known until the optimal vector field is determined, and thus, they are approximated as
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zero in the approximate relaxation process. This approximation can smooth the resultant
vector field, because the equation (6.9) gives more support to the candidates with
smaller second order differences. The effect of over-smoothing can be refined

iteratively. The refinement of the resultant vector field will be discussed in section

6.3.5.

6.3.4 The Updating Scheme of the Relaxation Process

The support function for a net of the neighbourhood structure shown in Figure 6.3 and
the compatibility defined by equations (6.8) and (6.9) is of the following form —

4 1 ny_ m
PIEDED YD WPFNEWEURVCOP AL 6.11)

N=1 k=] n=1

where N is the number of combinations of neighbouring nodes (each node has a total of
4 combinations with its neighbours in 4 directions), m; , my and m; are the number
candidates on the nodes a;, ayp and a; respectively, and 4%, 4, and 47, stand for the
candidates on nodes a; , ap and a;. The ¢'o(A;) is the total support from all candidates of 4
combinations of neighbouring nodes to the candidate A; on node ay. in the rth iteration.

The p'o(M1) , P'(X’) and p’AL”)) are the probabilities of 1%, A, and A", in the tth iteration.

The updating equation used in this approach is different from the updating scheme
defined by equation (6.2b). In the latter updating scheme, the situation, where a node
can contain no correct candidate, is taken into the account. Due to the possible bias in
correlation values computed in the first step of the approach, for some nodes, none of
the selected candidates are consistent with the candidates at their neighbouring nodes.
In other words, none of the candidates of that node are correct. These nodes are named
as zero-matching nodes. The relaxation process should be able to reject all these
incorrect candidates. To handle the zero-matching situation, Hsi-Jian Lee and Wen-Ling
Lei [1990] add a pseudo candidate to each node and define the pseudo candidate to
correspond to the zero matching case of the node. In this study, a similar technique is
used to handle the zero matching situation. Here, we note the zero matching candidate
at all nodes as 0 and define their initial probability % (0) = 0. These candidates have no

compatibility coefficients, and only play a role in probability normalisation. The

116



Chapter 6 Improving Estimation Reliability with Relaxation Labelling

probabilities of normal candidates and the zero-matching candidates are updated by

equations (6.12a) and (6,12b) respectively, as follow:

PP {%) 210D 6120
p3<0)+gp;<x,)[l+q3(x,>]
2 (0) = 2 (6.12b)

p3<0)+gp3<x,>[1+q;<x,>]

When a node contains no correct candidate, the total support from its neighbouring
nodes given by equation (6.11), will be negative, then the sum of the probabilities of
non-zero-matching candidates of that node decreases, and thus, the probability of zero-

matching candidate of this node, given by equation (6.12b), increases.

The relaxation process may converge at an ambiguous equilibrium point, which
corresponds to the situation in which a number of nodes may have more than one
candidate surviving. Hereafter, the node that has more than one candidate selected by
the relaxation process, is referred to as a multi-matching node. For the current
application, the multi-matching nodes may be categorised into the following two

classes.

1. The remaining candidates (at a node) are very similar to each another. Therefore, the
compatibility value r and supporting value g of these candidates have very little
difference, so that the relaxation process may not be sufficiently sensitive to
distinguish the differences among these candidate. This situation may be avoided by
increasing the separation of candidates in the candidate selection procedure (see
section 6.3.2) and by increasing the sensitivity of the compatibility function to the
second order difference of neighbouring vectors (i.e. decreasing the value of
parameter o, see section 6.3.3). Also, because these candidates are similar to one
another, it may be reasonable to take the average of these remaining candidates as

the final estimate of the node.

2. The remaining candidates of a node are completely dissimilar. The intuitive sense of
this situation is that the network contains insufficient information, provided by the

applied compatibility model, for further resolving the ambiguity. For this situation,
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additional information is required. Further ambiguity reduction can be undertaken by
applying additional compatibility constraints to those resultant ambiguous
neighbourhoods. Theoretically, this class of ambiguous interpretation can occur in

the relaxation process, however, it did not appear in the current study.

Previous studies (for example see Levy, 1988) found that, in some situations the
candidate set may contain more then one consistent set, and the relaxation process
improves the initial labelling in the first few iterations, but later, it slowly drifts away
from the initial converging direction and gives results far from what was expected.
Theoretical considerations explain why the scheme proposed by Rosenfeld et al [1976]
may produce unexpected results and a practical treatment to circumvent this problem
has been provided by Levy [1988]. Levy [1988] proposes to constrain the labelling
process by setting the label probability to zero, under a certain threshold, which is
equivalent to eliminating these candidates from the process. By setting them to 1, when
the probability close to 1, these probabilities will not be modified by the iterative
procedure, and therefore the candidates which contain useful information will have
much more influence to the procedure. This treatment is adopted in the approach

developed in this research.
6.3.5 The Refining Relaxation Process

The refining relaxation process is applied in this scheme for the following two reasons:

e It will be demonstrated that the approximate relaxation process can adjust the
inconsistency contained in the candidate set, conveyed by the biases in the
correlation values, and the resultant field will consistently and faithfully reflect the
basic structure of the estimating vector field. However, it may be over-smoothed in

the areas of strong velocity shear gradients.

e The use of the leap-frog procedure can reduce the computation time by a factor of
nxn, where the n is the leap-frog step in pixel units. For example, when computing
every 5th position of the research area, computing time reduces to 1/25 of the
computation time for a full resolution correlation matrix. However, due to the coarse

sampling rate in the correlation computation, the position of the maximum

118



Chapter 6 Improving Estimation Reliability with Relaxation Labelling

correlation of a search area may be “jumped over” in the correlation matrix
computation. Therefore, the resultant displacement field based on the candidate set,

selected from the coarse correlation matrices, must be refined.

The effect of the over-smoothing (ie. the first and second order differences among the
neighbourion vectors of the resultant field from using the approximate relaxation
process are smaller than those derived from the control field) is due to two sources.
Firstly, to enable each pattern tile to possess sufficient information, large (45x45 used
in this study) pattern tiles are used in the correlation matrix computation. The computed
correlation value is the window average. Therefore, the correlation value reflects the
information of the average movement (smoothed) of the SST features contained in the
pattern tile. As the basic information source, the correlation matrices carry this effect
into the relaxation process. The selection of the pattern tile size is a trade-off, as has
been discussed in Chapter 4. This part of the effect cannot be solved in this refining

process, and it will be discussed further in Chapter 7.

The second source of the over-smoothing is the approximation of the compatibility
function, as has been mentioned in section 6.3.3. The proper compatibility function
should have the following form, as defined by equation (6.10):

dio, —d, ()P —[d,, —Ei,,j ?
iy (N o7, ) = expl s ,,(x)z - 2l e ,,J<y>202 0N,

As the optimal second order differences dio, j(x) and dio. ;7(¥) in equation (6.10) are
unknown until the optimal vector field is determined, they are approximated as zero and
equation (6.9) is used as the compatibility function in the approximate relaxation
process. The compatibility function defined by equation (6.9) may over-smooth the

resultant vector field.

The refining process designed in this thesis aims to reduce the over-smoothing due to
the effect of the approximation in the compatibility function, and the effect of the leap-
frog procedure. The process is an iterative loop and contains two steps in each iteration,

candidate set reorganisation and refining relaxation process. Hence, there are two levels
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of iterations, the refining iteration and the relaxation iteration, as shown in the flowchart

in Figure 6.1.

The candidate set is reorganised based on two information sources — the original
candidate set and the resultant vector field from the approximate relaxation process. It
will be demonstrated, in following section 6.4, that the approximate relaxation process
has capability of adjusting the random inconsistency in candidate sets due to the biases
in the correlation matrices. The resultant vectors from the approximate relaxation
process faithfully reflect the basic structure of the estimating field, although it is over-
smoothed in the areas of strong variation in velocity shear. Therefore, this resultant field

can provide the following two sets of information:

1. The approximations of the second order differences of the neighbouring vectors

‘Z,o, ;(x) and ‘Zo ,(») which enable the process to approach a more accurate
estimation using equation (6.10).

2. By comparing the estimated field derived from the approximate relaxation process,
with the candidate vectors of the initial probability (the equivalent of the MCC
estimates) of each node, we can gain knowledge as to whether the candidate vector
of the maximum initial probability of a node is correct or not. If, at a node, the
difference between the approximate relaxation estimate and the candidate vector of
the maximum initial probability (which is equivalent to the MCC estimate) is smaller
than a certain value, it indicates that the MCC estimate and the relaxation estimate
support each other. Therefore, the candidate vector of the maximum correlation

value is a correct estimate of that node.

The candidate reorganisation reduces the candidate set by “freezing” the nodes where
the candidate of maximum initial probability is confirmed as a correct estimate. In the
case where the original candidate set is selected from the full resolution correlation
matrices, if, at a node, the difference between the candidate of the maximum initial
probability (which is equivalent to the MCC estimate at this node) and the approximate
estimate from the relaxation process is smaller than a threshold (7 pixels is used in this

study, as the spatial interval among candidates is 7 pixels), the candidate of the

120



Chapter 6 Improving Estimation Reliability with Relaxation Labelling

maximum initial probability is selected as the only candidate of this node in the

reorganised candidate set and it is given a probability 1.

In the case where the candidate set selected from the coarse correlation matrices, firstly,
as is the case of using the full resolution correlation matrices, the vectors derived using
relaxation method are compared to those estimated using MCC method. If two vectors
match each other, then that vector is refined by computing the full resolution correlation
values within a small search area around the end of the coarsely determined vector,
using the rotational correlation method (refer to Figure 6.4). The position corresponding
to the maxima of the small search area is used as the refined displacement. As in the
case of using the full resolution correlation matrices, the refined vector is frozen in the
reorganised candidate set by giving it a probability of 1, and defining it as the only
candidate at that node.

refined vector /v snall search area

_|Z anrsely determined vector

Figure 6.4 The refining of the coarsely determined vector

If, at a node, the candidate of maximum initial probability in the original candidate set
does not match the estimate from the relaxation process, it indicates that the candidate
of maximum correlation value is an erroneous vector, or the estimate from the
approximate relaxation process is over-smoothed. Therefore, all candidate vectors of
this node, and the initial probability attached to these candidate vectors, remain the
same as the original in the reorganised candidate set, and these candidates will be

passed onto the refining relaxation process.
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In the refining relaxation process, equation (6.10) is used as the compatibility function.

The d,

1,0,j

the approximate relaxation process initially, and they are then updated in each refining

(x) and g,o ;(¥) in equation (6.10) are computed from the resultant field using

iteration using the resultant field of the last refining iteration. The neighbourhood
structure, the support function and the updating equation are the same as in the
approximate relaxation process. The resultant displacement field is then compared to
the field that resulted from the last refining iteration. If the difference of the vectors of
the two fields smaller than 1 pixel, then the refining process is terminated, otherwise,
the process returns to the candidate reorganisation step, and start a new refining

iteration.

6.4 Experimental Results and Discussion

The designed relaxation estimation approach was tested using both 18 hours separated
synthetic image pair as shown in the Figures 5.1 and 5.4. and the real image pair of 12

hours separation shown in Figures 5.1 and 5.2. The details of the images have been

described in section 5.2, Chapter 5.

The testes using the synthetic image pair are demonstrated and discussed respectively in
sections 6.4.1, 6.4.2, and 6.4.3. The results of implementation using the real image pair

are given in 6.4 4.
6.4.1 The Results of Candidate Selection

The full resolution correlation matrices and the candidates selected based on these
matrices are shown in Figure 6.5. The coarse correlation matrices computed using the

leap-frog strategy and the candidates selected from these coarse correlation matrices are

shown in Figure 6.6.

The images were pre-processed with the high-pass filter of 25x25 pixels window, as
described in section 5.4.1, Chapter 5. The correlation matrices are computed using the

method of rotational search described in section 5.4.3, Chapter 5. The candidates are
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selected using the correlation matrix distribution scanning process described in section
6.3.2. In both Figures 6.5 and 6.6, the correlation coefficient values are colour-coded
with blue, green, yellow, orange to red in ascending order and the selected candidates

are marked with white crosses in Figure 6.5, and marked with white dots in Figure 6.6.
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thure 6.5 The candzdates selected using the correlation matrix distribution scannzng
process, and the correlation matrices computed using the rotational correlation
computation method. The selected candidates are marked with crosses. The correlation
coefficient value are colour-coded with blue, green, yellow, orange to red in ascending
order.

With the leap-frog strategy, in this test, the correlation distribution of each search area
was coarsely determined by computing the correlation coefficients of every Sth position
of the search area. The rotational search is also applied in this computation. The use of
the leap-frog strategy reduces the computation time by 25. Figure 6.6 shows that the

coarse correlation matrices contain the same basic distribution structure as the full

resolution matrices.

123



Chapter 6 Improving Estimation Reliability with Relaxation Labelling

Figure 6.6 The coarsely computed correlation matrices and the selected candidates
based on these coarse correlation matrices. The selected candidates are marked with
white dots.

6.4.2 The Experimental Results of The Approximate Relaxation Process

The experiments in this section aim to investigate the following:
1. The effect of the scaling factor s in equation (6.7) on the relaxation process.

2. The capability of the relaxation process to handle the candidate set containing large

numbers of erroneous candidates with high correlation value.

3. The feasibility of using the candidate set from the coarsely determined correlation

matrices.
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(a) The Test of the Effect of the Scaling Factor

The relaxation procedure is based on two sources of information.

¢ The initial status of the candidate set. The candidate vectors of each node and their
probability deliver the possible structure of the estimating field, and provides the

initial convergence trend of the relaxation process.

e The compatibility among the candidate vectors of neighbouring nodes. This
information influences the relaxation process through the compatibility and support
functions, and plays a role analogous to the constraint among the neighbouring
estimating vectors. It does not independently provide the information on the

estimating field, but constrains the mutual relationship of the neighbouring vectors.

Generally, the initial status of the candidate set selected using the correlation value may
be erroneous or ambiguous in some nodes. As has been shown in Chapter 5, the
correlation distribution can be biased due to a number of effects. The multi-peak and
elongated distribution of the correlation matrices introduce ambiguity into the
determination of the optimal displacement. These biases and ambiguity in correlation
values are conveyed to the candidate set. Figure 6.7 shows the candidate vectors of
maximum initial probability at each node (which are equivalent to the MCC estimate of
each node) of the candidate set shown in Figure 6.5. This candidate set contains 15
nodes where the erroneous vector is of maximum initial probability (due to the bias in
the correlation value). The erroneous initial status and ambiguity contained in the
candidate set is iteratively adjusted by the compatibility among the neighbouring
candidates in the relaxation process. Specifically, in this application, they are adjusted

based on the smoothness of the neighbouring candidate vectors.

The differences of the initial probabilities of the candidate vectors of a node, determine
the differences of the influence among individual candidate vectors in the first a number
of iterations of the relaxation process. Also, the magnitudes of the difference of the
initial probabilities among the candidates, determines the initial status of the ambiguity
in the convergence of the process. For example, if all the candidates have equal initial
probabilities, all candidates equally contribute to the process, and the initial status of the

convergence of the relaxation process is completely ambiguous. Therefore, the scaling
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Figure 6.7 The candidate vectors of maximum initial probability of each node ( which
are equivalent to the MCC estimates) from the candidate set displayed in Figure 6.5.

Figure 6.8 The resultant vector field from the approximate relaxation process using the
candidate set displayed in Figure 6.5.
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factor s in equation (6.7) can affect the initial status of the ambiguity in the

convergence.

Because the initial probabilities are based on the similarity of the SST features in
consecutive images and provide the valuable information on the possible structure of
the estimating field, it may generally be preferable to use a relatively large s to
strengthen the contribution of the correlation value, and to influence the relaxation
process to approach to a set of vector field, which is not only consistent but also best
satisfies the sense of correlation. However, on the other hand, because the initial
probabilities contain a certain degree of error, the use of large s value may also increase
the influence of the candidates of the erroneous high correlation value. Therefore, the
question to resolve is whether the relaxation process is able to correct the erroneous
initial status when a large scaling factor is used. In other words, it is necessary to test
whether the use of a large scaling factor can affect the final results of the approximate

relaxation process, even though it influences the initial status of the relaxation process.

The candidate set used in this test is computed using the full resolution correlation
matrices as shown in Figure 6.5. The scaling factors used in this test are 1, 50, 100, and
150. Since this scaling factor is used only in the approximate relaxation step, it does not
directly affect the refining process. In other words, if the resultant fields derived from
the approximate relaxation step with different scaling factors are the same, they will be
the same after the refinement process. Therefore, the refining process was not applied in
this test. The differences among the corresponding resultant vectors derived with
different scaling factors were computed to measure the effect of the scaling factor. The
comparison found that the four resultant vector fields, computed with the different
scaling factors, were identical (i.e. the differences among corresponding vectors equal
0). This result is different from what was primarily expected, and the primary intention
of the design of the scaling factor (refer to point 3 on next page). The resultant fields
which are all the same are as shown in Figure 6.8. It is worth mentioning that since the
candidates (of a node) were selected to be 7 pixels apart, to avoid converging to an
ambiguous equilibrium point, as mentioned in section 6.3.2, the difference between the

corresponding resultant vectors derived with different scalings would only be zero or a
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multiple of 7. The only difference was the number of iterations of the process required
to reach convergence. When s = 1, the process took 45 iterations to complete the
convergence, 37 iterations when using s = 50, and 40 iterations when using s = 100. The
reason for this is that when the differences of the initial probabilities are small, the
ambiguity of the initial status of the candidate set is large, and the process may take
more iterations to reduce the ambiguity of the candidate set. The use of a scaling factor,
s =150, in this test, also made the process converge more slowly. The reason is that, the
large scaling factor increases both the positive influence of the correct candidates and
the influence of the erroneous high initial probability candidates, and requires more
iterations to overcome such negative influences. The resultant displacement field,

computed with initial probabilities and a scaling factor of 50 is shown in Figure 6.8.

The resultant field shown in Figure 6.8 was also compared with the control
displacement field used to generate the synthetic images used for this test. The

comparison found that:

1. The resultant field faithfully reflects the basic structure of the estimating
displacement field, whith no significant inconsistent estimates being found. The
direction of the estimated vectors basically match the corresponding vectors of the

control field. The direction difference between the estimates and the vectors of the

control field is less than 30°.

2. According to it design, if all candidates at a node are not compatible with the
neighbouring estimated vectors, the relaxation rejects all of them. For example, at
node row 6, column 3 (marked with a white circle), due to the bias in the correlation -
value, the selected candidate vectors are all incorrect. All the candidates attached to

this node were rejected.

3. As expected, due to the use of large pattern tiles in the correlation computation, and
using equation (6.9) as the compatibility function, the resultant approximate
displacement slightly over-smoothed areas of strong velocity shear gradients,
compared with the control field. For example, 9 estimated displacement vectors in
the core area of the ring (in the low-left image domain) are shorter than the

corresponding vector of control field, the difference being greater than 7 pixels. The
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rms difference between the estimated displacement field and the control field is 5.5
pixels. One of the intentions of the design of the scaling factor was primarily to
reduce this over-smoothing effect by strengthening the influence of the correlation
value. However, the test results in this section show that this intention wasn’t

successful, and this is one of the reasons for using the relaxation refining process.

(b) Test of the Robustness of the Relaxation Process

When the estimating fields where relatively turbulent or the time separation of the
image pair is relatively long, the correlation value can be seriously biased. As has been
discussed in Chapter 5, the rotational search can resolve the displacement due to the
rotation motion of the currents, thus improving the estimation quality of the correlation
distribution. However, due to the use of the fixed-shape pattern tile, the deformation due
to the straining still remains unresolved. When estimating the field of strong velocity
shear and a relatively long temporal interval of the image pair, the unresolved
deformation can seriously bias the computed correlation distribution. The candidate set
selected from the full resolution matrices, computed using the method with rotational
search, contains 15 nodes where the erroneous candidate has the maximum initial
probability. This should be considered as a “good” case, to test the capability of the
relaxation process in handling a candidate set which contains relatively larger numbers
of erroneous candidates of high initial probability. To test the capability of handling a

case of “bad” initial conditions, two test candidate sets of erroneous initial condition,

were created.

The first test candidate set was generated by using the candidate set shown in Figure
6.5, and adding erroneous candidates to 35 randomly chosen nodes. The position,
‘length, orientation of the erroneous candidates were derived with computer generated
random numbers, and the The added erroneous candidates were given an initial
probability peror = Pmax + 0.1, where, the peso is the initial probability of added
erroneous candidates and the pma.x is the maximum initial probability value of the
original candidates at the node. That is the added erroneous candidate of an initial

probability larger than the maximum initial probability of the original candidates at
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those nodes. The candidates of the maximum initial probability at each node of this

testing candidate set are shown in Figure 6.9.

To test the capability of the relaxation process handling the systematic bias in the
candidate set, a test erroneous candidate set was created by adding systematically biased
erroneous candidates to the basic candidate set. A total of 8 such erroneous candidates
were added in a strong rotational area in the lower-left image domain (in the core area
of the ring). The added erroneous candidates were given the initial probability pepor =
Pmax + 0.1, that is the initial probability was larger than the maximum initial
probabilities of the original candidates at those nodes. The candidate vectors of the

node-maximum initial probability of the test candidate set are shown in Figure 6.10.

The displacement vector fields resulting from the approximate relaxation process using
two error-added candidate sets were compared with the approximate relaxation resultant
field described in section 6.4.2 (a) as shown in Figure 6.8. The comparisons showed the

following:

The resultant field computed using the candidate set with added random erroneous
candidates is shown in Figure 6.11.a. It is identical to the field derived with
approximate relaxation process using the original candidate set which is shown in
Figure 6.8. The differences between corresponding vectors of the two fields was zero
(as mentioned previously, the differences can only be 0 or a multiple of 7). This result
indicates that the relaxation process can handle the candidate set containing randomly

distributed inconsistent candidates of high erroneous initial probability.

The resultant field computed using the candidate set with added systematical erroneous
candidates is shown in Figure 6.11.b, The comparison, between the resultant field
derived from the erroneous candidate set and the original candidate set, showed that 6
added erroneous candidates were rejected by the relaxation process, while 2 still
remained in the resultant field which are marked with white circles. These 6 rejected
erroneous candidates located in the left part of the ring, were significantly inconsistent

with the surrounding vectors. Therefore, although they were locally consistent, they can
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Figure 6.9 The candidate vectors of the maximum initial probability of each node of the
testing candidate set containing randomly added erroneous candidates.

Figure 6.10. The candidate vectors of the node-maximum initial probability of the
testing candidate set containing systematic bias.
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Figure 6.11.a The resultant displacement vector field from approximate relaxation
process using the candidate set containing added random erroneous candidates

Figure 6.11.b The resultant displacement vector field from approximate relaxation
process using the candidate set containing added systematic erroneous candidate

132



Chapter 6 Improving Estimation Reliability with Relaxation Labelling

still be identified by the compatibility function and rejected through the relaxation
process. However, the two remaining erroneous candidates were basically compatible
with their surrounding vectors supported by the smoothness in the second order
difference of neighbouring vectors, and thus, the process failed to identify and reject

them.

(c) Test Using the Candidate Set Selected from Coarsely Determined Correlation
Matrices

The candidate selection and relaxation labelling are very fast processes. However, the
computation of the correlation matrix of each search area is based on brute force
strategy, which computes the correlation coefficient of every position within a search
area by moving the pattern tile pixel-by-pixel, and thus, is extremely time consuming.
The key to improving the computational efficiency is reducing the computation time the
correlation matrices. As has been shown in section 6.41 and Figure 6.5, the coarsely
determined correlation matrices have the same basic distribution structure as the full
resolution matrices. However, they are relatively noisier, and because the optimal
matching position may be ‘jumped over”, the computed correlation matrices and the
candidate selected based on such correlation matrices may not contain the optimal
vector of the estimating field. The candidate of the maximum initial probability of each
node selected based on the coarsely determined correlation matrices is shown in Figure
6.12. From the figure it can be seen that this candidate set contains more inconsistent
displacement vectors than those shown in Figure 6.6, which is selected based on the full
resolution correlation matrices. Therefore, the feasibility of using the candidates
selected from coarsely computed matrices for the estimation raises the issue as to

whether the relaxation process has a capability can handle the erroneous candidate set .

The resultant displacement vectors derived from the approximate relaxation process are
shown in Figure 6.13. The vector field was compared with the resultant field computed,
using the candidate set from the full resolution correlation matrices which is shown in
Figure 6.8. The comparison showed that the rms difference between the corresponding
vectors of the two resultant fields was 3.2 pixels, and a visual comparison of the two
images also showed that the two fields are very similar except vectors at row 9, column

6, row 10, column 6, and row 12, column 4, which are marked with white circles in

133



Chapter 6 Improving Estimation Reliability with Relaxation Labelling

Figure 6.12 The candidate displacement vectors of maximum initial probability of each
node selected based on the coarsely determined correlation matrices.

Figure 6.13 The resultant displacement field from approximate relaxation process
using coarse correlation matrices
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Figure 6.13. Therefore, the tests showed that it is feasible, using the leap-frog method,

to save computation time in the correlation matrix determination.
6.4.3 The Test on the Refinement Process

The refinement process employed in this application was undertaken for two reasons as

was mentioned in section 6.3.5.

Firstly, the resultant vector field derived from the approximate relaxation process may
be over-smoothed. This is due to : the use of the large template in the correlation
computation to gain sufficient information; and the use of the zero second order
difference approximation in the neighbouring vector compatibility function (equation
6.9), because the actual or estimated value of this variable in the compatibility function

is unknown at that stage.

Secondly, when the candidate set is selected from the coarsely determined correlation
matrices, the maximum correlated position of a search area may not be covered by the

leap-frog computation.

The iterative refinement loop described in section 6.3.5 was tested using the candidate
sets selected from both the full resolution correlation matrices (shown in Figure 6.5) and
the candidates from the coarse correlation matrices, (shown in Figure 6.6). The
refinement processes took 3 iterations to reach convergence in both cases. The resultant
displacements using these two candidate sets were almost identical (with a small rms
difference 0.7 pixels), except for the displacement at node row 9 column 6, which is
marked with a white circle in Figure 6.14. The estimate, in the case of using the
coarsely determined correlation matrices, is closer to the corresponding displacement in
the control field. The reason for this is that in the refining process, for coarsely
determined correlation matrices, the refinement correlation search was applied. That is,
computing the full resolution correlation distribution of a small area around the end of
the vector in the refinement relaxation process has resolved, and then, located the

maxima within this small area. This search process is not employed for full resolution
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correlation matrices. This difference indicates that the refinement correlation search is
helpful for both using full and coarse correlation matrices. The intuitive reason for this
is that the selected candidates have a large separation, while the optimal position may
be located between them. The resultant displacement field computed using the

candidate set with full resolution correlation matrices is shown in Figure 6.14.

Figure 6.14 shows that after the refinement process, the over-smoothing in the resultant
field, derived from the approximate relaxation process, is significantly improved as
revealed by comparison with the field shown in Figure 6.11. The resultant field was also
compared with the control field shown in Figure 6.15. The rms difference in magnitude
of the two fields, rms dm, is 4.7 pixels and the rms difference in angle of the two fields,
rms da, is 19°. Compared with the MCC estimated displacement field, using the same
image pair and processed with the high-pass filter and correlation method with
rotational search, i.e. the best resultant field among the estimates based on MCC
method, shown in Figure 5.10, which gaves 6.6 pixels rms dm and 31° rms da, the
relaxation process improveed the rms diffrence in magnitude by 1.9 pixels
(1.9/6.6=28%) and rms difference in orientation by 12° (12/31=38%). It is worth
mentioning that since the relaxation process is not able to correct the error due to the
bias in the correlation value caused by the use of a large pattern tile as discussed in the
following paragraph, this improvement was achieved by reducing the number of
estimated vectors with large error. The field derived with the MCC method had 15
vectors different from the control field by 7 pixels, while the relaxation process reduced

this number to 4.

These 4 vectors, and the other 10 vectors which are different from the control field by 5
pixels (these erroneous vectors were not counted as erroneous vectors, in the MCC
cases) vectors are marked with squares and circles in Figure 6.14. Most of these vectors
have nearly the same direction as the corresponding vectors in the control field, and all
these vectors are consistent with neighbouring vectors. The comparison with the field
shown in Figure 6.7, which is equivalent to the MCC estimates as described in section
6.4.2, showed that the vectors marked with squares are the same as the MCC estimates.

Further, the comparison showed that most of these vectors were located in the areas of
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Figure 6.15. The control displacement field
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strong velocity shear variation. This indicated that the error of most of these vectors
were due to the bias in correlation value caused by the use of a large pattern tile. When
these erroneous vectors were compatible with their neighbouring vectors in the sense
defined by the compatibility function, the relaxation process was not able to correct the
error. The vector marked with a circle in row 9, column 6, is shorter than the
corresponding vector in the control field and the MCC estimate. This error is due to the
over-smoothing effect of the compatibility function in the approximate relaxation
process. Although the refining process reduces the effect, this vector is still over-

smoothed.

6.4.4 Experimental Results Computed from Real Images

The proposed method was also tested using a pair of 12 hours separated AVHRR
thermal images which are shown in Figures 5.1 and 5.2, respectively. As was the case
for the tests using synthetic images, the images are preprocessed with the running-
average high-pass filter with a 25x25 pixel window. The correlation matrices and the
selected candidates are shown in Figure 6.16. The correlation matrices are computed
using the method with rotational search. The leap-frog step used in the computation of
the correlation matrices was 2 pixels, i.e. compute correlation value at every second
position within a search area. The cloud contaminated pixels were detected and masked
using the algorithm described in Chapter 4. Figure 6.16 shows that the cloud
contamination disturbed the correlation distribution of some matrices. The optimal
matching position may be located in these cloud-covered areas. To enable the relaxation
process to approach the cloud-covered optimal positions, based on the contextual
information provided by the neighbouring candidates, a series of pseudo-candidates, i.e.
the candidates selected were not based on the correlation value, were added to the
cloud-disturbed areas. The added pseudo-candidates were marked with black crosses in
Figure 6.16. The pseudo-candidates were evenly distributed in 25 positions in the search
area, and have equal initial probabilities of 1/25. When the entire search area or more
than 20% of the pattern tile is covered by clouds, the matrix corresponding to this area
contains no computed correlation value. It is feasible to exclude the nodes
corresponding to these no-correlation-value matrices from the relaxation computation.

However, this disturbs the contextual information. In this test, the 25 evenly distributed
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and equally weighted (i.e. of the equal initial probability 1/25) pseudo-candidates were
attached to each of these nodes, for example, see the correlation matrices at rows 1 to
3, and columns 3 and 4 from the upper-left corner of the figure. Because the pseudo-
candidates at these nodes have been given equal initial probabilities, they do not deliver
the information on the possible trend of the vectors at these nodes. Thus, they have no
influence on the relaxation process for the neighbouring nodes, in the initial stage. The
updating of their probabilities, in the first iteration is purely based on their compatibility
with the candidates at neighbouring nodes and the probabilities of the neighbouring
candidates. Once the probabilities of these pseudo-candidates are updated and the
differences in probabilities established, the pseudo-candidates start to propagate
contextual information. This treatment is only suitable for internal small areas, because
the constraint of the contextual information becomes weaker as the distance increases.
For this reason, this treatment was not applied in the test, to the cloud covered areas in

the lower-left image domain.

The reason for not apply the large leap-frog step was that, in the upper image domain
(i.e. the nodes at row 1, columns 2 to 8 and row 2, column 2 to column 8 from upper-
left corner of the net), the gradients of the intensity of some SST patterns are relatively
weak, and are contaminated by cloud. Most of the cloud contaminated pixels were
detected. However, the masking out of these cloud contaminated pixels reduces the
effective size of the pattern tile. Thus, a number of matrices in this area were every
noisy and sharply distributed. The use of a large leap-frog step may have further biased
the distribution of the matrices. Due to the sharp distribution of the correlation matrices,
the use of a large leap-frog step increased the chance of jumping-over the position
corresponding to the optimal vector. Thus, due to the poor image conditions, a relative

small leap-frog step (2 pixels) was used in this test.

The candidate displacement vectors of maximum initial probability of each node are

shown in Figure 6.17. The resultant field is shown in Figure 6.18.

As was mentioned in Chapter 5, because simultaneous in situ data were not available

for the evaluation of the estimated field from real images, an assessment of the absolute
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quality of the estimation is impossible. As for the evaluations in Chapter 5, the quality
of the estimation for the real image data was assessed by examining the consistency of
the estimated vector field, and by comparing it with the control field (at the status of 12
hours separation). The consistency of a vector with its neighbourhood is measured using
the difference between the vector and the average of its 8 neighbouring vectors. Due to
the existence of velocity shear gradient, the computed consistency will not always equal

zero, even for the error-free displacement field of the study area. The rms consistency

computed from the control displacement field with 12 hours separation is 7.2 pixels.
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Figure 6.16 The correlation matrices computed using real AVHRR thermal images with
12 hours separation and the selected candidates and the pseudo-candidates. The leap-
Jfrog step used in correlation computation is 2 pixels. The normal candidates are
marked with white crosses and the pseudo-candidates are marked with black crosses.

The comparison of Figures 6.17 and 6.18 shows an obvious improvement in consistency
among the neighbouring estimates over that estimated field using the MCC method. The
rms consistency of the displacement estimated using the MCC method and the same

image pair is 9.6 pixels, while, it is improved to 8.1 pixels using the relaxation scheme,
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Figure 6.17 The candidate displacement vectors of maximum initial probability of each
node (equivalent to the MCC estimates) computed from 12 hours separated real
AVHRR thermal image pair.

Figure 6.18 The resultant field estimated using proposed relaxation scheme.
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and improved the rms consistency by 19% (1.5/8.1), this improvement is considered to
be significant. As mentioned previously, since the relaxation process is not able to
correct the error due to the bias in correlation values caused by the use of a large pattern
tile as previously discussed, this improvement was due to the achievement in reducing
the number of estimated vectors with large error. The field derived with MCC method
had 25 vectors different from the control field by 7 pixels, and the relaxation process

reduced this number to 5, which are marked with white circles in Figure 6.18.

Among these remaining erroneous vectors, displacement at row 7 column 4 is less
consistent with the neighbouring vectors to its right side and below it. Figure 6.16
shows that among the selected candidates, based on the correlation distribution at this
node, there is no candidate that is more consistent with its neighbouring vectors. This
candidate was not eliminated by the process because it is still supported by the estimates
above it and to the left. The survival of this candidate consequently affects the estimate
to its right (the estimate at row 7 column 5). Both the marked estimates at row 11
column 16 and at row 12 column 14 are located in the area of a relatively large velocity
shear. Therefore, they are compatible with some of the neighbours, while, inconsistent

with the other neighbours. In these cases the estimates may be less accurate.

The search area corresponding to the displacement at row 12 column 3, from upper-left
corner of the figure, is partially contaminated by cloud. According to the neighbouring
estimated displacements, the optimal matching position may be located in the cloud
covered area. Although, the pseudo-candidates were added in the cloud covered area,
the relaxation process still selected the normal candidate which is less consistent with
its neighbours. The reason for this is that, the pseudo-candidates are given a relatively
low initial probability (1/25), while, the finally selected candidate had an initial
probability of 0.29, This difference is further increased by the scaling factor, s = 50, in
equation (6.7), and the fact that the displacement selected by the relaxation process is

not entirely incompatible with its neighbours.

The resultant displacement field is also compared with the control field used for the

synthetic images generation. The control velocity field is derived from the
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measurements determined by subjectively tracking the features of the same real image
pair used in this evaluation (the detailed description is given in section 5.2, Chapter 5).
Therefore, it should be a good reference field for this evaluation. The comparison again
measured the root mean square differences in angle, rms da, root mean square
differences in magnitudes, rms dm, and the number of the significant erroneous
estimates, n; and n,, where, n; 1s the number of erroneous displacements that are
different from the control field with error greater than 7 pixels or 30° in the orientation,
and n;, is the number of erroneous displacements that are different from the control field
within 5 to 7 pixels or 22° to 30°. The rms da, rms dm and the n; and n, derived from
the comparison between the resultant displacement field from relaxation scheme and the
control displacement field are shown in table 6.1. To illustrate the improvements, the
comparison of results of the estimated displacement field using rotational MCC method
and high-pass filtered real images, with the control field which has been shown in the

Table 5.4 are also listed in the table 6.1.

Table 6.1 The comparison of results between the resultant field from the relaxation
method and the control displacement field, and the comparison of results between the
estimated displacement field using the rotational MCC method and high pass filtered
real images and the control field.

rms dm (pixels) rms da n ny
rtelaxation labelling 43 27° 5 12
MCC method 5.5 50° 25 N/A

This comparison also shows the obvious improvements in the estimation quality using

the relaxation scheme.

6.S Summary

To reduce the inconsistency of the estimated field and the uncertainty in estimation due
to the multiple-peak and elongated distribution of the correlation function, an estimation
scheme based on the relaxation labelling technique was proposed and tested. The
proposed scheme estimates the displacement of SST features in consecutive images

based on two sources of information — the correlation between the features in
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consecutive images and the compatibility among the neighbouring candidate

displacements. The compatibility is measured with the second order difference of

neighbouring displacements.

The proposed scheme was tested using both a pair of synthetic images and a pair of real
AVHRR thermal images. In this study, the following capabilities of the scheme were
tested:

1. The reliability and robustness of handling the candidate set containing candidates of

erroneous high correlation value.

2. The feasibility of using the candidate set from coarsely determined correlation

matrices.

The experimental results showed the following:

1. The relaxation labelling scheme is capable of identifying and eliminating the
candidates of erroneous high correlation, which are randomly distributed in the
image domain. However, the proposed relaxation scheme is unable to eliminate the
systematically biased candidates, of high correlation values, when the systematically

biased neighbourhood is not entirely incompatible with its surroundings.

2. It is feasible to use the leap-frog strategy in correlation distribution computation to
significantly reduce the computation time. The selection of the distance of the leap-
frog steps is inherently a issue of sampling rate. The principle of this selection is
based on maximising the reduction of the computation time, with a minimum bias in
the computed correlation distribution. The experimental results in section 6.4.3 show
that when the images are not too noisy, the coarsely determined correlation matrices
with 5 pixels leap-frog steps, and a pair of high-pass filtered images with a 25x25
window, are of the same basic distribution structure as those in the full resolution
correlation matrices. The estimated displacement field resulting from both the full

resolution correlation matrices and the coarse correlation matrices are almost

identical.
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The experimental results also show that the resultant field derived from the proposed
scheme was slightly over-smoothed in the areas of strong velocity shear gradients, due

to the following effects:

1. The use of a large and fixed-shape template in the correlation computation to gain
sufficient information. Also, because the shape of the template was fixed, the
deformation due to the velocity shear is not resolved, and the estimated

displacements with such a template are the average value of the displacement of

features contained in the template.

2. The compatibility equation based on the assumption of smoothness of the second
order differences among the neighbouring candidates. The accuracy of the
assumption is subject to the balance between the density of the grid points and the

magnitude of the velocity shear gradients.

The results of the experiments show that the refining process can effectively reduce the
over-smoothing effect resulting from the inaccuracy of the compatibility equation used
in the approximate relaxation. While the effect caused by the use of the large template is
an inherent problem in the correlation computation using fixed-shape templates, this
effect can be reduced by using flexible templates, and resolved by using joined-patch

least squares matching, which will be discussed in the next chapter.
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Chapter 7

Refinement of Estimation With Joined-Patch
Least Squares Matching (JPLSM)

7.1 Introduction

The study in chapter 5 shows that SST fields are usually dominated by large scale
piece-wise features, the cross-correlation function of such features are frequently of
multi-peak and/or elongated distribution, and the differences among correlation values
of these multiple peaks and other elements along the ridge of the elongated correlation
functions are usually insignificant. Because of the similarity of correlation values of
these elements, a small amount of unresolved rotational motion, deformation or noise
can “shift” the location of maximum correlation value from the correct position to one
of the other elements. This introduces uncertainty into the determination of the
similarity among the features in the image sequence, and consequently the
determination of displacements of SST features, and results in a large number of
erroneous estimates. Enhancing the traceability of the SST features using a high-pass
filter, and resolving the rotational motion with the rotational search can partially address

the problem, and reduce the number of erroneous estimates.

However, the study also shows that the use of high-pass filtering can also enhances the
sensitivity of the correlation scheme to the effect of unresolved deformations. It was
showed in Chapter 5 that the deformation due to the straining motion cannot be resolved
by the fixed shape template used in the MCC method, and the use of the rotational
search does not change the basic structure of the correlation distribution. Thus these
processes cannot solve the uncertainty in the estimation. Therefore, it is essential to
introduce contextual information when the correlation value alone is not sufficient to
indicate the significance of the similarity between the features in the image sequence,

and so further reduce the effect of the unresolved motions.
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The scheme based on the relaxation labelling proposed in Chapter 6 uses both the
information on the correlation distribution and the contextual information. The study
shows that the integration of multi-information sources significantly improves the
consistency of the estimated displacement field and the robustness of the scheme. The
improvement in the robustness consequently enables the use of the relative large search
step (i.e. the leap-frog strategy), and significantly reduces the computational expense.

The study also shows a few aspects requiring improvement as follows:

1. Because the computation of the correlation distribution used in the relaxation
scheme is the same as that used in the MCC method, the deformations of the SST
features in the image sequence remain unresolved due to the use of the fixed shape
template.

2. For the same reason as in the MCC method, to gain sufficient information, the large
template window had to be used. The studies in Chapter 5 and 6 show that the use of
large templates can cause over-smoothing of displacements in the areas of strong
velocity shear. This trade-off in the template size selection is remain unresolved.

3. The compatibility function in the relaxation scheme proposed in Chapter 6 acts in a
manner to similar constraints in the least squares technique. However, the influence
of the compatibility function on the relaxation process is not as easily controlled as
when using the least squares technique where the influence of a constraint can be
controlled by applying different weights. The study also shows that the simplified
compatibility function is a source of over-smoothing of the estimated displacement
field, although the refinement process described in section 6.3.5 significantly

reduces this effect.

To further improve the estimation quality, a refinement scheme based on a least squares
matching technique, which was originally designed for the digital terrain model
estimation from stereo pair of airborne photos or SPOT images by Rosenholm [1985], is
proposed in this chapter. In the proposed scheme, the shape of the templates (referred as
patches hereafter) are automatically varied bi-linearly to fit the shift, rotation and
deformation of the features in the second image. These patches are joined together, to

convey the contextual information. The joined flexible patches are similar to a rubber
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sheet. The flexibility of this “rubber sheet” can be controlled by the weights of the

constraints.

By using a joint flexible patch net, the following advantages of the proposed scheme

can be expected:
e The deformation due to the straining motion is expected to be resolved.

¢ Not only can both the information on the similarity of the SST feature in image
sequence and the physical constraints be integrated, but also the influences of the

constraints can be controlled.

¢ The difficulty caused by the trade-off in the selection of the size of template can be

effectively resolved.

7.2 The Basis of The Least Squares Matching Method

Least Squares matching is a correlation technique, which was developed and has been
used by photogrammetrists (eg. Forstner 1982, Gruen and Baltsavias 1988 and
Rosenholm 1985) for the determination of digital elevation models (DEM or DTM)
from airborne or satellite image pairs. In the least squares matching process, the first
image is divided into an array of template windows in a similar approach to the MCC
method. However, the method of searching in the least squares matching technique is
different from that in the MCC method. The process directly determines the
displacement vectors, and the approach determining the best match of sub-images in the
second image is based on iteratively refining the displacements. The shape of the
template or the sample-widow on the second image is automatically adjusted bi-
linearly, according to the deformation of corresponding SST features in the second
image, in a similar way to changing the shape of a rubber template to match a deformed
corresponding pattern. In the MCC based technique, the shape of the window is fixed,
which causes a trade-off in window size selection. The window should be large enough
to contain sufficient information, and small enough to avoid over smoothing the
estimated field in the region of strong velocity shear gradients, as has been discussed in

Chapter 5 and Chapter 6. The advantage of using a bi-linearly flexible in the least
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squares approach is that the deformations can be largely resolved. The least squares
matching can be categorised into two groups, the single patch (window) least squares
matching schemes and multiple patch matching schemes. In the single patch matching
schemes, each window independently approaches their destination position, while, in
the multiple patch matching schemes, the template windows are joined together and

converge onto the destination positions simultaneously.

7.2.1 The Structure of Joined Patches

The scheme proposed in this chapter is based on the joined patch matching technique
developed by Rosenholm [1985] for the DEM determination using stereo image pairs.
The scheme divides the first image into rectangular templates which are always joined
together when they approach their best match locations as shown in Figure 7.1. The

displacements of the corners of each patch are the unknowns to be determined.

:J:T he template window
; on first image

\T he distination window

'~ on second image

Figure 7.1 The geometry of the template windows and displacement vectors

In the proposed scheme, the adjacent patches overlap each other by one pixel as shown
in Figure 7.2, in which each little square stands for a pixel. The displacements at the

corners of the patches are common to 4 adjacent patches. For example, in Figure 7.2,
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the displacement at the top-left corner of patch 4 is common to those at the low-right
corner of patch 1, the low-left corner of patch 2 and the top-right corner of patch 3.
Therefore, for an area of nxm patches, the number of displacements to be determined is
(n+1)(m+1), i.e. 2(nt+1)(m+1) unknowns to be determined. For example, as shown in
Figure 7.1, for an area of 9 patches ( 3 rows and 3 columns of patches), there are a total

of 16 displacement vectors to be determined.

® @

N/

® (%

Figure 7.2 The joining structure of the patches.

In the proposed scheme, each patch is further divided into an array of elementary
subsets or sub-images for forming an observation equation (7.6), discussed in section
7.2.3. In other words, an elementary subset has an observation equation. The necessary
size of the elementary subset is controlled by the expected maximum spatial lag of
corresponding features contained in the template patch on the first image, and the sub-
image resampled from the second image, i.e. the possible maximum refinement of the
displacements to be determined, dAx,, dAy,. In the first iteration, because the
approximate displacements are less accurate, the spatial lags between the features in the
template patch and their counterpart in the resampled sub-image are relatively large.
Thus, large elementary subsets are used. When the estimated displacements approach
their optimal values in subsequent iterations, the size of the elementary subset is
reduced as the dAx, , dAy, are gradually reduced. The detailed discussion on the reason

for varying the size of the elementary subsets will be given in section 7.4.
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As the proposed scheme is designed to refine the resultant displacements derived from
the relaxation labelling estimation, the residuals of displacements are expected to be
about 5 to 7 pixels. Therefore, the sizes of the elementary subsets were 5x5 pixels , and
3x3 pixels for the first 2 iterations respectively, then subset 2x2 pixels in size was used
until the iterative process converges. The adjacent elementary subsets have a 1 pixel
overlap with each other. In this study, patches are of the size 25x25 pixels. The numbers
of elementary subsets in each patch are respectively 6x6=36, 12x12=144, and up to
24x24=576, when the elementary subset is of the size 5x5 pixels , 3x3 pixels, and 2x2

pixels.

7.2.2 The Transformation Model of the Template Window

The scheme employs a bi-linear transformation model to derive the displacement of a
surface water patch contained in the template window. The displacement of the patch is
parameterised with 4 independent displacement vectors of the four corners of the patch.
- T
A=] Ax:;,‘ 4y i AxiJ+1 4y i+ Axi+lj 4y i+]JAxi+1J+l 4y i+l,j+1]
The displacements of each pixel in the patch are bi-linearly interpolated based on the

displacement of the corners A, with equations:

iJ+1( e m-r )t AxiﬂJ'( n-cXr-1)
+ Axi+l,j+l( c-1)(r-DY(n-1)( m-1)
Ay = [y, (n-c)(mr )+ Ay, (c-D(mr)t Ay, ., (n-c)r-1)

%Ayi+1J+1( e-1)(r-DI(n-1)(m-1) (7.1)

Ax = [AxiJ(n-cs)(m-rs)+ Ax

Where s is an arbitrary pixel within the patch, located at the r th row and the c th

column of the template window. » and m are the number of rows and columns of the
template window in pixel units. s in the first image is advected to the position s’ in the
second image as shown in Figure 7.3. The displacement of s, i.e. the distance between s

and s’, is parameterised by the displacements of the four corners, A, using equation (7.1)

Equation (7.1) defines a projection, which projects each element of the template at

location (x,,ys) to the position (x';,)’s) in the second image, or conversely, projects the
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elements at (x’;,y’s) in the second image back to the position (x;,y;) in the template. It is
a projection between a rectangular (a square is used to simplify the computation)
template and a general quadrilateral. In practice, the reverse projection is preferred to
simplify the computation. In this scheme, the quadrilateral sub-image in the second
image is projected into a rectangular resampled image. Then the computation as
discussed in the following section, is undertaken between the two rectangular windows,

the template and the resampled sub-image from the second image.

(4xi; , Ayij)

(Axij+1 > Ayij+1)

S / ¢
[

"]
1 \

(Axir , AVin )

%xi+1lj+l, Ayi+1J+1)

Figure 7.3 The geometry of the template and its best match sub-image in the second
image. One square represents one pixel.

7.2.3 The Observation Equation

Let /,(x,y) be the discrete intensity function of the template in the first image
obtained at time ¢, and /,(x,y) be the intensity function of the sub-image in the
second image acquired by the satellite at time ¢,. During the short period Ar=t¢,-¢,, the
sea surface temperature (SST) patterns are transported along with the sea surface
current. A small water parcel S (corresponding to an elementary subset) centred at

(x5.ys) at moment ¢, is transported a distance (Ax, , Ay; ) to (x’s, y's ) = (x5 + Axg , ys +

Ay;) at t,. The change of temperature of this small parcel is assumed to be negligibly
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small during the short time interval. This is one of the most basic assumptions for
estimation of sea surface current from consecutive images, as has been discussed in
Chapter 2. The intensity values (x,,ys) in the first image and (x5, ’s) in the second image

satisfy the following equation:
]2(‘xs +Axs?ys +Ays)+n2(xs +Axs’ys + Ays)+1d = ]l(‘xs’ys)+nl(xs’ys) (72)

where, n,(x,,y,)and n,(x, + Ax_,y, + Ay,) are the noise in the first and second images,

and the term 7, is the intensity deformation due to the difference between the

atmospheric conditions at the time of acquirement of the two images.

It is further assumed that an approximate estimation of the displacement field (Ax°s,
4)°) can been obtained by using some other techniques, such as the relaxation
estimation described in Chapter 6, or the results of the previous iteration for the initial
input to this scheme. Thus, the position of the water parcel S in the second image can be
denoted as (x'y, ') = (x; + A" + dAx, ys + A+ dAy, Yor (x5, y's) = (x°s + dAx,, 3
+ dday, ) with (% , 1% ) = @, + A5, ys + A% ), where the (dAx, , dAy, ) are the
corrections to the approximate displacements, and are the (A, 4)°,) are the
approximate displacement derived from relaxation labelling process or last interation.
When the least square matching starts with no apriori knowledge, i.e. when no
approximate estimation of the displacement field is available, the iterative process starts
from the same position as that of the template location (i.e. (Ax’;, 4)°;) = (0,0) and (dAx;
, dAys ) = (Ax,, Ays)). Under these circumstances, the spatial lags between corresponding
features in the two patches (i.e. the template window and the resampled window) are
large. For a pair of images separated by 12 hours, the spatial lags can be up to 20 pixels.
Whether the least square matching can provide the correct initial positions for optimal
estimation for large spatial lags will depend on whether the template and the resample
windows contain large spatial scale homogeneous features. A detailed discussion of this
matter will be given in section 7.4. Following the discussion, reasons will be given to
explain why the proposed scheme is preferably only for refining of the resultant field

derived from the relaxation estimation.
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In this proposed scheme, the displacement correction values (d4x;, d4y;) of an arbitrary
elementary subset S centred at (r5,cs) in the patch are also defined by displacement
correction values of the patch comers d = [ dAxiJ. dAyiJ. dAxiJ. “ dAyiJ. - dAx,.ﬂJ. d4ay, ny

dAx ddy.. . .. 1" derived by the bi-linear equation (7.1) in which A replaced by dA.

i1+ Vi
dAx = [a’Ax’.J(n—cs)(m-rs)wL dAxiJ. (e D m-r )yt dax, +1J.( n-c X r-1)
+ dAxi+1J+1( e -1)( r-DY(n-1)(m-1)
ddy = [dAyiJ(n-cs)(m-rs)+ dAyiJ. e D) m-r )yt dAyiJ a(neXr-1)
+ dAyiHJ'H( c-)(r-D(n-1)(m -1) (7.3)

Substituting (x’s, y’s) = (x%+ dAx,, y°s + dAy;) into equation (7.2) and combining #; and

n, as n gives the following equation:
I(x,,y,)=1,(x}+dAx_,y) +dAy )+ 1, +n (7.4)

Linearising equation (7.4) with first order Taylor series expanding at point (x’s,)%),
gives:
oL, (x°,y° oL, (x°,y°
L(xp)- Lyt = 2 ys)dAxs+———-——2(6; )iy, 4 1,4n+0 (159)
where, O is the higher order terms of the series. Rewriting some of the terms in equation

(7.5a) in simpler form as:

Als = 12(x3’y3)—11(xs’y5)

:512(.763 ,yf) ] zalz(xg ,yf)
* Ox y oy

v,=-n-0

1

gives the rewritten equation (7.5a) in the following form:

v, = Al + 1 dAx, +1,dAy, +1, (7.5b)

The equation (7.5b) is the observation equation of the elementary subset S. The
displacement correction values of elementary subset S, (ddxs, ddys), can be
parameterised with the displacements of four corners, d, by equation (7.3). Substituting
equation (7.3) into equation (7.5b) gives the observation equation of the elementary

subset S parameterised with the displacements of four corners, d.
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vs - ai f dAxl + bi 'dAyiJ+ ai,j+1 dAxtﬁ-l bt,j+1 dAytJ‘\"l i+1,j dAxH-lJ

b, ddy, ta, . dix,  +b. . dAy, . +AL+I, (7.6)

i+1y Qi1+ Mgl | Tyl i+1,j+1
where,
a = I (n-c )(m-r )/( n-1)(m-1) biJ, =1 (n-c Ym-r)/(n-1)( m-1)
=1.(n-c )(r-1)/(n-1)( m-1) b'+1,j =I,(n-c)(r-1)/(n-1)(m-1)

1+lj i
1J+1—1 (e-D)(m-r)/[( n-1)(m-1) biJ+ =L,(c-1)(m-r)/( n-1)(m-1)
l+1J+l_1 (c-1)(r-1D)/(n-1)(m-1) b1+1 o = L(e-D)(r-D/( n-1)(m-1)

Where I, is the intensity deformation due to the difference of atmosphere conditions

between the images observation time. Generally, the surface temperature change due to
the atmosphere effects can be reasonably assumed to be of much larger spatial scales
than the temperature change due to the advection of the SST patterns, and can be
effectively reduced by filtering out the very long wavelength components of both
images (see Kelly [1989], and Kelly & Strub [1992] ).

The observation equation with the gradients derived from the first image can also be

derived by equivalently rewriting equation (7.4) as follows:
Il(xs _dAx.s"ys —dAys) = 12(‘x£’y£)+1d +n
and linearising the left side of the equation to give:

aIl(‘xs’ys) Ax aIl(‘xs’ys)

Li(xpye) =5 7 dhAx, - 3 dAy, = 1,(x;,y))+ 1, +n+0

This equation is of the same format as equation (7.5a) except the gradients and derived

from the intensity function of the first image.

The intensity gradients and the intensity differences of each elementary subset are
computed using the same methods as used in Kelly [1989] and Kelly & Strub [1992)].

The intensity differences are computed as follows:

AI:Iz(an’)_]l(xa)’) (77a)
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where the overbar denotes the average over the elementary subset. The gradients are
computed by linearising the intensity function over the elementary subset as a ramp

with least squares fitting:
E=Ax+By+C-1(xy) (7.7b)

so that the gradient I, =4 and /, = B.

The displacement correction values at the corners of these joined patches are
simultaneously determined, by minimising the sum of the squares of v of all the

observation equations corresponding to the entire joined area.

The displacements are updated with the estimated corresponding correction values. The
updated displacements are then used as the parameters to resample the sub-image in the
second image for the new iteration. The position to be resampled in the second image of
each element inside the patch, (xk'lsyk'ls), is determined by equation (7.1) and based on
the updated displacements of corners of the patch. The intensity value of the resampled
elements are computed with bi-linear interpolation of the 4 nearest pixels around the
position (x*';3*’). The iterative process terminates when all the computed

displacement correlation values are smaller then 0.5 pixel.

7.3 The Constraints

As has been mentioned previously, the SST images are frequently dominated by the
large scale patterns. Although, each patch has up to 576 (24x24) observation equations,
the observation equations derived, based on those large patterns, have a high chance of
being correlated to one another. When the number of effective observation equations is
less than the total number of the unknowns, the least squares problem is under-
determined. In the test reported in this chapter, it was also found that some of patches
may not be entirely singular, however, their normal equations are ill conditioned (i.e. a
part of eigenvalues of the normal equation formed from those patches are close to zero)
due to the SST gradients being predominantly in one direction. Some examples where
the features contained in patches are not sufficient for the determination of the 6 or

more affine transformation parameters have been given in Gruen et al. [1991].
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In the proposed scheme, constraints are used to solve the problem of singularity or ill
conditioning, which may be contained in the observation equations, and convey the

contextual information. Three constraints are used which are respectively:

1. The joined patches

2. The smoothness of the second order difference among the neighbouring

displacements

3. The incompressibility of the water volume

7.3.1 The Joined Patches

In the proposed scheme, the estimation is primarily constrained by joining the adjacent
patches together through using common unknowns (displacements) for the four
overlapped (1 pixel overlap with each other) adjacent patch corner (refer to the Figure

7.1 and Figure 7.2).

Firstly, the joined patches relieve the problem of singularity or ill conditioning of the
normal equations by reducing the number of unknowns i.e. they reduce the requirement
in the number of essential independent observation equations. For example, for an area
of nxm patches, the number of unknowns is 6xnxm in the single patch least squares
matching, where the following linear transformation function is used in the

displacement determination:

rx,.'_l__l_a1 a,|[x,] [a,] y
I.yi'J—L% a4_l'l'yi_]+l_a6_l (7.8.a)

where (x; y;) is the position of an elementary subset in the first image about a local
coordinate system which is centred at the centre of the template in the first image, (x;’,
yi') 1s the position of the corresponding elementary subset which contains the
homogenous feature in the second image, and the a; ,a,,...as are the transformation
parameters of the patch. This linear transformation function plays the same role as the
equation (7.1) in joined patch least squares matching. In contrast with the JPLSM
method, in the single patch matching method the unknowns to be determined are the

transformation parameters a; ,a,,...as rather than the displacements at the four corners

157



Chapter 7 Refinement of Estimation with Joined-patch Least Squares Matching (JPLSM)

of the patch. The correction of displacement to the elementary subset is derived from
the derivative of equation (7.8.a), and has the following form:

dAx, = x,'-x,"° = x,da, + y,da, + da

0 (7.8.b)
ddy, = y,'-y," = x,das + y,da, + da

where the (x;° , 3°° ) is the approximate position of the elementary subset derived by
the last iteration. The observation equation of the elementary subset is then given by

substituting equation (7.8.b) into equation (7.5.b), and it has a as follows:
v, =Al, +1 (x,da, + y,da, +das)+1 (x,da; + y,da, +dag)+1,

Therefore, each patch has 6 unknowns da; , da, ,...das to be determined. The number
of the unknowns for the joined patches is 2x(n+1)(m+1). Intuitively, each displacement
away from edges of the joined area is common to four adjacent patches. In other words,
the observation equations formed from four adjacent patches contribute to the
determination of the displacements at a grid point. Thus it effectively strengthens the

structure among the patches and therefore reduces the chance of singularity.

Secondly, the bi-linear transformation function defined by equation (7.1) has 8
independent parameters and it projects a rectangular template on to a general
quadrilateral. In other words, it allows the rectangular sub-image contained in the
template to deform to a general quadrilateral sub-image in the second image. In this
way, the patches move together but each one deforms independently. In comparison, the
transformation function defined by equation (7.8.a) has only 6 independent parameters,
it projects the rectangular template to a parallelogram. Obviously, it only allows for
those cases where the rectangular sub-image in the first image deforms to an arbitrary
parallelogram in the second image. Therefore, the bilinear transformation function (i.e.
the equation (7.1)) enables the matching process to resolve the deformation better than

the transformation function defined by equation (7.8).

7.3.2 The Smoothness of the Second Order Difference among the Neighbouring
Displacements

The smoothness of the displacement field is measured by the second order difference of

displacements of three neighbouring grid points. For an arbitrary inner grid point, the
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second order difference of optimal displacements of neighbouring points in the x and y
directions are constrained to be minimum in the least squares process:

E=-4r,  , + 2Axi,j - Ax1+l,j €= "Ayi-l,j + 2Ayi,j - Ayi+l,j

i-1,j
E=-4r, ,  +24x, - A, ., E=-4y,,,+24y, -4y, ., (7.9.2)
where, the Ax’s, Ay’s are the optimal displacements, and the &’s are the residuals to be

minimised in the least squares process. As defined previously in section 7.2.3, the

optimal displacements are the sum of approximate displacements Ax”s, 4y”s and their

correction dAx’s and d4y’s:

Axi-l, J = Ax?—l, ;+ dAxi—l, j Ayi—l, i = Ay?—l,j + dAyi-l, j
Ax, ;= Ax) +d4x, 4y, =4y}, +d4y, (7.9.)
Ax,y ;= AxioH, jHaax,, Ay, =y ?+1, gAY,

Substituting equations (7.9.b) into (7.9.a) gives the following four smoothness

constraint equations:
€= _dA‘xi—l,j + 2dAxi,j - dAxiH,j - (Axio—l,j - 2Axi(3j + Axio+l,j)
E=—dAy,; +2dAy, ;- dAy,, ;- (Ayio—l,j - 2Ay2j + Ayio‘i-l,j)
— (A0, —2Ax0, + AXY) (7.9.c)

ij-1 -

£=—dAx, ,, +2dAx, , ~ dAx

ij+l

§= _dAyi,j—l +2dAyi,j - dAyi,j+l - (Ayi?j—l _2Ay£j + Ay3j+1)

For the points on the edge of the grid, the neighbouring vectors are constrained by two

equations in either the x direction or the y direction correspondingly.

The smoothness constraint influences the unification of the gradients of the
neighbouring displacements. As that has been discussed in Chapter 6, compared with
the smoothness constraint based on the first order difference of displacements, which
forces the gradients of neighbouring displacements to be zero, the smoothness
constraint based on second order difference of displacements has an advantage over that
based on first order differences. It resolves the variation among the neighbouring

displacements. However, it still forces the variation of the gradient of the neighbouring
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displacements to be small. Therefore, the suitability of this constraint to the estimation

at hand is dependent on three aspects:

1. Whether the estimating field has strong variation in the velocity gradients.

2. The density of the computation grid.

3. Because the direct estimates are displacements, and the differences of the gradients
of neighbouring displacements are accumulated as the time separation increases, the

suitability of the constraint is also subject to the time separation of the image

sequence.

The grid density used in the scheme in this chapter is the same as that used in Chapter 6,
1.e. the points are 24 pixels (about 26 km) apart. The study in Chapter 6 shows that
when the smoothness constraint based on second order differences of the neighbouring
displacements are employed as the compatibility function for this grid density is
appropriate to estimate the displacements of an 18 hours separated image sequence for
most part of the image domain. However, the constraint may over-smooth the estimates
in areas of strong variation in velocity gradients due to the imperfection of the
constraint as discussed previously. Even after the refining process described in Chapter
6, the negative effect of the constraint may still remain in some parts of the estimated
field. Therefore, the influence of this constraint should be minimised in the least squares
matching process to prevent the over-smoothing effect. However, on the other hand, as
discussed in Gruen et al. [1991], in some cases, the features contained in patches are not
sufficient for the determination of all transformation parameters, i.e. the displacements
at four corners in the proposed scheme, and the least squares problem can be under-
determined because the number of effective observation equations is less than the total
number of the unknowns, or is ill conditioned, i.e. a part of the eigenvalues of the
normal equation formed from those patches are close to zero, due to low contrast in
grey values. The smoothness constraint and the incompressibility constraint discussed
in the next section (7.3.3) are designed to solve this under-determined or ill-conditioned
problem. To balance solving the singularity and preventing the over-smoothing effect,
in principle, these two constraints are only applied to the under-determined and ill-

conditioned patches, and this is implemented by giving a very small weight to the

160



Chapter 7 Refinement of Estimation with Joined-patch Least Squares Matching (JPLSM)

constraints where the grid points are surrounded by patches of good condition, while a
larger weight is given to the grid points around a patch of ill condition. The detailed

discussion on the determination of the weights of the constraint will be given in section

7.34.

7.3.3 The Constraint Based on the Incompressibility of Water Volume

This constraint is based on the fact that the principle direction of the movement of the
water in the ocean is horizontal (i.e. the vertical movements of the ocean water are
much smaller than the horizontal movements). The average velocities of vertical water
movements accompanying wind-driven currents in the open sea do not exceed 10° - 107
 em s [Tolmazin 1985]. It is therefore, reasonable to assume that the water parcel in

the open ocean is approximately 2 dimensionally incompressible.

The incompressible constraint used in this scheme requires the area of the best matching
sub-image in the second image to be equal to the area of the sub-image contained in the
template of the first image. In other words, the area of the sub-image in the template
does not change when it shifts, rotates and deforms. It is assumed that the sub-image
contained in a rectangular template in the first image is deformed to a general
quadrilateral in the second image as shown in Figure 7.4. Letting the coordinates of the
corners of the template in the first image to be (x;j Vij )...(Xi+1+1 , Yir1j+1), the length of
the sides of the square template to be s, the displacements of these corners are
respectively (Axij,4yi5) ... (Axi+1j+1,4Vi+15+41), the diagonals of the quadrilateral in the
second image are d; and d, , and the angle between the two diagonals is &, then
according to the 2-D incompressible assumption, the constraint can be given as follows:

1

~did, sinB=0 (7.10)

S2—'

where,

dl = ‘J(Axi+l,j+l +5— Axi,j)2 +(Ayi+l,j+1 +S—Ayi,j)2

d2 = J(Axiﬂ,j -8 Axi,j+l)2 +(Ayi+1,j +5- Ayi,j+l)2
0 Ayi+l,j +s5- Ayi,j+l _ tan™! AV ju +5— Ay, ;
Ax,, . —85—Ax, Ax, g +s—Ax,

i, j+1

0 =tan

i+1,j
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Figure 7.4 The geometry of the incompressibility constraint.

Denoting the displacements estimated in the previous iteration by (Ax%;,4)°%;) ...
(Ax°i41 j+1,4)%+1j+1), and linearising the equation (7.10) gives the error equation of the

constraint:

E=—Dy,dAx, ; — Dx,dAy, ; + Dy,dAx, ;,, — Dx\dAy, ;,, — Dy,dAx,,,

7.11
+Dx,dAy,, ; + Dy,dx,,, joy + DXy 4y — (2s* - d,d, 5inb) 71D

where,
Dx, = Axio+1,j+1 +s- Ax'ol
Dy, = Ayx'o=1,j+1 Ts5- Ayi?f
Dx, = Ax),  +5—Ax)

i,j+1

Dy, = Ayil-)b-l,j +5= Ay,

Although, it is possible to exclude from the analysis the vertical velocity and assume the
water parcel to be 2 dimensionally incompressible without introducing any major error,
the constraint influences the system results of a non-divergent field. The information on
divergence/convergence of the velocity field may still be valuable (it may be small but
useful) to the studies of meso-scale circulations in coastal regions. Therefore, the
proposed scheme only applies this constraint to the patches which are singular or ill

conditioned in principle, and this is implemented by giving very small weights to the
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constraints corresponding to the patches of good inversion condition and relatively
larger weights to those corresponding to singular and ill conditioned patches. This is the

same procedure as used for the treatment of the smoothness constraint in section 7.3.2.

7.3.4 The Scaling and Weighting of the Constraints.

The system of equations of this least squares matching scheme consists of three parts,
the observation equations based on equation (7.6), the smoothness constraint equations,
and the equations based on the incompressible constraint. These are denoted as Ax=L,,
Bx=Ls, and Cx=L, respectively and their weight matrices as P,, Py and P, respectively,
where P,= I (I is an identity matrix) is used in this scheme and Py, and P, are diagonal
matrices with elements of magnitude ranging from 0 to 1. The normal equation of the

system is of the following form:
(ATA+B"P,B+C"P.C)x=A"L, +B"P,L;, +C'P L, (7.12)

There is a great disparity in the number of equations between that of Ax=L, and Bx=L,,
and Cx=L.. In part Ax=L,, there are up to 24x24 equations corresponding to each
patch, while, each patch has only one incompressibility constraint equation, and each
grid point has only up to 4 smoothness constraint equations. Considering the typical
intensity gradients are between +3-6 pixel™ (for the 8 bit image data with intensity value
ranges of 0-255), the magnitude of coefficients in matrix A"A can be of the order of 10*
to 10°, while, the coefficients in B'B are between -2 and 4, and the coefficients in C'C
are about 500 to 2000. The great difference in the magnitude of the coefficients among
the matrices, especially between A’A and B'B may make the contribution due to the
measurements contained in A and L, too dominant in the results. Therefore, to balance
the contributions of each part of the equations, the B"P,B and corresponding B'P,Ls,
and C"P.C and corresponding C'P.L, , are scaled by Sy and S, respectively which play
a role equivalent to weights, and they are computed with the following equations:

_r(ATA) ond _r(ATA)

" tr(B"B) °7 tr(CTC) (7.13)
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where 1r( )’s are the trace of the matrices. The S, and S, computed based on the image
condition used in the tests described in section 7.5 are approximately 2.0x10* and 10

respectively.

As discussed in Gruen et al. [1991], in some cases, the features contained in patches are
not sufficient for the determination of all transformation parameters, i.e. the
displacements at four corners in the proposed scheme, and the least squares problem can
be under-determined because the number of effective observation equations is less than
the total number of the unknowns, or ill conditioned, i.e. a part of eigenvalues of the
normal equation formed from those patches are close to zero, due to low contrast in
grey value. The smoothness constraint and the incompressibility constraint discussed in
next section (7.3.3) are designed to solve this under-determined or ill-conditioned
problem. To balance solving the singularity and preventing from the over-smoothing
effect, in principle, these two constraints are only applied to the under-determined and
ill-conditioned patches, and this is implemented by giving a very small weight to the
constrains where the grid points surrounded by patches of good condition, and a larger

weight to the grid points around a patch of ill condition.

As discussed previously in section 7.3.2 and 7.3.3, in some cases, patterns contained in
patches are not sufficient for the determination of all transformation parameters (see
Gruen et al. [1991], for example), and the least squares problem can be under-
determined or 1ll conditioned, 1.e. a part of eigenvalues of the normal equation formed
from those patches are close to zero. To solve the singularity, and at meantime prevent
from the negative effects of the constraints due to the approximations discussed
previously, in principle, these two constraints are only applied to the under-determined

and ill-conditioned patches.

In leaner algebra, the singularity or the degree close to singularity of a leaner system
can be measured by the eigenvalues or the condition number derived from eigenvalues

of the system. The proposed scheme uses a condition number defined in Branham

[1990], which is of a form as follows:

cond(As" Ag)=Mmax! Aanin)" (7.14)
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where, Aj is the coefficient matrix of error equations of patch (i,j), and Apax and Amin
are the maximum and minimum eigenvalues of the matrix AijTAij respectively. When
the normal equation is singular, the minimum eigenvalue Any, is zero, and thus the
condition number equals infinity. When the normal equation is in an ideally good
condition (i.e. all of eigenvalues are equal), the condition number reaches its minimum,
and equals 1. In the proposed scheme, the condition number of each patches is
computed individually, (i.e. patches are considered as independent of each other, and
not joined together in the condition number computation), and each patch has 8
unknowns. The coefficient matrix of normal equations of each patch A;'A; in equation
(7.14) is formed by 24x24 error equations based on equation (7.6). The eigenvalues of
the coefficient matrix is computed firstly. If the matrix is not singular, then the

condition number is computed to measure the degree close to singularity of the matrix.

The detailed discussing about the determination of the weight of each constraint
equations will be given in section 7.5.1 and 7.5.2. Briefly, each inner grid point has 4
adjacent patches, and each patch has a condition number. The weight of the smoothness
constraint of centred at this grid point is determined based on the maximum condition
number of these four patches. As four grid points involved in a incompressibility
constraint equation (equation 7.11) are the four corners of a patch, the incompressibility
constraint of each patch is simply determined based upon the condition number
corresponding to this patch. Since all patches are joined together in JPLSM, the
displacements of each grid point are determined by the information from adjacent
patches. The displacements of an inner grid point is determined from four patches.
However, the grid points on the edge of grid have only two adjacent patches, and the
grid points at corners of the grid have one patch connected to this point. In comparison
with the inner points, these point have less information for the determination of
displacements. Therefore, it is reasonable to give relatively larger weights to the
smoothness constraints and incompressibility constraints related to these grid points, to
strengthen the linkage between these points and their neighbouring grid points, and
convey information among these points and from their nearest neighbouring inner grid

points onto these points.
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7.4 The Error of Using a First Order Differential Approximation over
a Large Elementary Sub-Image

In this section, the relation between the proposed least squares matching scheme and the
inverse model method developed by Kelly [1989] is firstly illustrated, and then, the
error of using the differential form of the thermal conservation equation over a large
elementary subset for velocity estimation using a large elementary subset is discussed.
Based on the discussion, the reasons for using the iterative procedure with elementary

subsets varying from large to small in the proposed scheme, is explained.

7.4.1 On the Relation between the Proposed Scheme and the Inverse Model
Method
The relation between the proposed scheme and the inverse model can be viewed by
comparing equation (7.5b) with the differential form of the energy conservation
equation, which is the basis of the inversion method for the velocity field estimation
from consecutive thermal images (see section 2.5.4 and also refer to Kelly [1989] and
Kelly et al. [1992]). The two equations are of the same form, although they are derived
differently from the image matching point of view and the physical point of view. When
the initial size of the elementary subset equals the size of the patch (i.e. each patch
possess only one elementary subset), and the initial displacements (Ax” , 4)° ) are equal
to zero, the first iteration of the proposed scheme is the inverse model method. In other
words, the proposed least squares matching scheme can be viewed as an iterative
inverse model method as developed by Kelly [1989]. As has been discussed in Chapter
2, there are two types of methods for the objective estimation of velocity field from
consecutive satellite images — the methods based on feature tracking (image matching
using feature similarity) and the inversion methods based on the energy conservation

equation. The least squares matching scheme elegantly unifies these two methods.

7.4.2 Error from Using the Differential Form of the Energy Conservation
Equation over a Large Elementary Subset

The error from using the differential form of the thermal conservation equation (as well
as equation (7.5b) equivalent) for velocity estimation with a single iteration may come

from a number of sources. The following discussion is restricted to the error due to the
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image components being of a spatial scale smaller than the displacements which are

neglected by the linear approximation due to the use of the differential form of the

equation.

To simplify the discussion, consider a one dimensional case as shown in Figure 7.5,
where the 77(x) is the temperature spatial distribution of a water body at moment ¢;. The
water body shifts a distance u(#; - #;) in the temporal interval ¢, - #; with a velocity .
The temperature distribution of the water body at moment #, is denote by 73>(x) in the
figure. As shown in Figure 7.5, the water body between x. and x4 which is in the
window at moment #; moves out of the window at #,, and the water body between x, and
xp which is outside the window at fymoves into the window at #,. As discussed
previously in Chapter 2, all methods used to determined current velocity field from
consecutive SST images assumes that the temperature of the water body does not
change when it is shifted, i.e. the temperature values marked with a, b, c, d, remain the
same when they flow to positions a’, b’, ¢’, d’. Due to the incompressibility of the
water body, the displacementsa —>a’,b—>b’,¢c—¢’, d — d’ are all equal to u(t; - ;).
Thus, T5(x) = Ti(x- u(t; - t;)). The sub-image contained in the window is an elementary

subset used to form the observation equation.

Precisely, because the window (i.e. the elementary subset) is of a certain size, the
change of the thermal energy (i.e. the integration of temperature with respect to distance

x in the one dimensional case) contained within the window, AT is given by the follow

integral:
AT = [*[1,(x) - Tk (7.15)

Considering the relation 735(x) = Ti(x - uAdr), where Ar = (1, - ), the equation can be

rewritten as follows:
AT = f T, (x - uAt)dx — I T, (x)dx

Replacing the integral unit dx of the second integral of the right side of the equation
with d(x - uAr), and considering the relation x, = x, - uAf and x, = x4 - uAt, the equation

becomes:
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AT = 1 Coe - [ 13 (e

Further, consider that the two integrals are partially overlapping each other, over the

part between x;, to x., and the equation can be rewritten as follows:
AT = [T o+ [T o )= [T o [T, (o)

Since the integrals over interval x to x, from first and second parentheses have opposite

sign, they cancelled each other, and the equation has a form as shown in following:
AT = [, =T, ()} = 7, (o)~ [ 7, (e (7.16)

The equation means that the change of the thermal energy contained in the window is

equal to the energy flows into the window minus the energy flows out of the window.
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Figure 7.5 The variation of the temperature function in an elementary subset

To use the differential form of the energy conservation equation, the window is treated

as an elementary unit and the following approximations have to be made:

e Temperature gradients are constant over the water body within the window at
moment ¢#; and the water flows into the window during Ar (i.e. the water over the
distance x, to xq4 in figure 7.5). It is equivalent to assuming the temperature is linearly

distributed over the interval x, to xg.
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e The velocities within the interval x, to x4 are approximately uniform.

Kelly [1989] computed the temperature gradient by a least squares fit of the temperature
distribution function to a ramp over each window. Precisely, the least squares fitting
should not only span the window but also should cover the water flowing into the
window during the time interval, because this part of the water is also assumed to
possess the same temperature gradient. However, because the velocity is the unknown
and to be determined, the volume of the water, which is outside the window at moment
t1, and which will flow into the window during A, are not known before the velocity or
displacement been determined. In this discussion, the same least squares fit as that used
in Kelly [1989] is used, but assumes the interval for the gradient computation covers the
window and the water flow into window during 47 (i.e. the interval x, to x4). For a one
dimensiongl case, the error equations for each x with the distance x, to x4 , are of

following form:
v(x) = Ax + B -Ti(x) (7.17)

where, v(x) is the residual, which is a function of x, and varies depending on the
difference between the temperature function 7(x) and its linear approximation at point

x. Based on the least squares theory, v(x) will satisfy the following:
Tv(x))=min and  Zv(x)=0 (7.18)

where Z is the sum over x, to x4, Their equivalent continuous expressions can be written

as follows:
J:"’v(x)de = min and f:"v(x) =0

Using the least squares fit, the temperature function over x, to x4 is approximated to a
linear function as 7)(x) = Ax + B, so that the gradient of this linear function 7'y = 4 .
Substituting the relation 73(x) = Ax + B + AT(x), where the AT(x) = - v(x), into the right
side of equation (7.16) gives:

I [7,(x) = T,(x)}dx = f * Ax + B+ AT(x)dx — f Ax+ B+ AT(x)dx
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Considering the velocities over the area x, to x4 are assumed to be uniform, therefore,

(xb - x2) = (x4 - x;) = udt, and the equation becomes:
f [7,(x) - T;(x)ldx = — A(uAt)(x, — x, ) + f"AT(x)dx ~ f AT(x)dx (7.19)

where the coefficient, 4, is the gradient of the linear function, 7’ The window is
treated as an elementary unit in the inverse model estimation using the differential form
of the energy conservation equation. Thus, both sides of equation (7.19) are divided by
the size of the window ( x4 - xp ) and A¢. The integral on the left side of the equation is
divided by ( x4 - xp ) to give the continuous form of the spatial average of the
temperature change between At and further divided by 4¢ to give the finite difference

form of the temporal derivative, as follows:

» _L@-TE I:[T;(x)— T, (x)ldx

! At (x,—x;,)At (7.20)
and further denoting
A= ——1—————[ [*AT(od [ AT(x)dx] (7.21)
(x, —x,)At "= %
equation (7.19) then becomes:
T,=-T'u+A (7.22)

Equation (7.22) is the one dimensional differential form of the energy conservation
equation plus an error term due to the linear approximation. Equation (7.22) shows that
the first term of the left side of the equation is only responsible for the thermal energy
transfer 7; - A. While the T: is actually derived from the difference 75(x) and 77(x) using
equation (7.20). Therefore, when using the differential energy conservation equation 7;

= -T, u as the observation for the estimation, the estimated velocity has an error Au =

AT .

7.4.3 The Analysis of the Error Expressed with Equation (7.21)

Equation (7.21) shows that the magnitude of this error is related to the image power
spectrum, i.e. the spatial frequency composition of the input image, window size and

the displacements of consecutive images.
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Firstly, equation (7.21) shows that the error comes from the difference between the
integrals of the residual between the temperature function and its linear approximation
over the distances ( x, - x, ) and (x4 - %, ). Dueto (x4 -x, ) = (x4 -~ X, ) = udt,
physically, the difference of these two integrals is the difference between the residual
thermal energy (i.e. the energy neglected by the linear approximation) which flows in
and out of the window during At respectively. In Figure 7.6, they are marked with a
grey shading. Although, using the least squares fitting, the sum of the residuals  v(x) =
0 over the distance x, to x4 , it does not guarantee the difference of these two integrals
is equal to zero as is the case as shown in Figure 7.6. Here the difference of the two
integrals is the sum of the two areas shaded grey, due to the opposite signs of the
residuals over x, to x, and x, to xq. Therefore, this difference is highly dependent upon
the image power spectrum. If the image is dominated by long (spatial) wavelength
components, the linear function Ax + B can give a good approximation. When the
components of the wavelength are shorter than the length of window size + udt (i.e. x,
to x4 in Figure 7.6), possessing significant energy, the linear approximation can
significantly affect the estimation. In an extreme image which is dominated by such
short wavelength components, the coefficient 4 of the linear function will approach
zero (i.e. the areas shaded grey in Figure 7.6 will become very large). This is because
the leaner least squares fitting process described by equations (7.17) and (7.18) act
similarly to a low pass filter, and when the sub-image in the window contains no low
frequency component, 4 equals zero. Therefore, when the input image contains only
high frequency components, the inverse model method, using the differential form of
the energy conservation equation, may not be able to provide even an approximate
estimate of displacement field. In other words, to use the differential form of the energy
conservation equation (equivalently to equation (7.5a)), the image should possess
sufficient energy components of wavelengths longer than window size + uAr. This is a
condition of using the differential form of the energy conservation equation, as well as
equivalently, the condition for using of the least squares matching for the sequential

image displacement determination without a priori knowledge of displacement.
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Figure 7.6 The error due to the linear approximation of temperature function over
elementary subset (shaded grey)

gy, B g

Figure 7.7 The image processed using a running average high-pass filter of 25%25
pixels window. The original image is shown in Figure 5.1.

Fortunately, SST images are usually dominated by large piece-wise patterns. This is the
basis of the feasibility of using the inverse model with the differential energy

conservation equation. However, the components of short wavelengths in SST images
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also possess a significant amount of energy. This is evidenced from the high pass
filtered images with 25x25 pixels window as shown in Figure 7.7. The image shows the
high pass filtered image retains almost all features of the SST patterns, and the studies
in Chapter 5 have shown that using such high-passed images can even provide more
accurate estimation than when using raw images with the estimation method based on
feature tracking. This means that the components of the wavelengths shorter than about
25 pixels contain a significant amount of energy. Therefore, the ignoring of such a large
amount of energy can cause significant errors in the estimation using inverse model
method or equivalently the first iteration of the least squares matching with no a priori

displacement knowledge.

Secondly, because the intervals of two integrals in equation (7.21) are equal to the
feature displacement which is to be determined, uAr, the error due to the linear

approximation is also controlled by the image displacement.

Thirdly, in the equation, the difference of the two integrals is divided by the size of the
window. This indicates that, for a given displacement and residual of linear
approximation, the error can be relatively reduced by using a sufficiently large window.
However, on the other hand, the window should be sufficiently small, for the reason
that, the smaller the elementary unit (i.e. the window size + uAr), the closer the linear
approximation is to its original function. Therefore, the determination of the size of the
window, the elementary subset in the proposed scheme, is controlled by the magnitude
of the image displacements. When using the differential form of the energy
conservation equation for the estimation, the temperature function of the water body
which is in the window at the moment 7, and that which will flow into the window
during 4, is assumed to be of constant gradient. In practice, as the displacements are
unknown, this gradient is determined with a least squares fit over the window as
proposed in Kelly [1989]. In other words, the temperature gradient of the water body
which will flow into the window is extrapolated by assuming that it is of the same
gradient as the water body inside the window at moment #,. It is true that, no matter how
large the window is, this part of the water is always outside the window at moment #;,

and its gradient is, therefore, the extrapolation of the gradient estimated from the
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temperature distribution inside the window. However, increasing the ratio of the
interval of the least squares fitting (i.e. the size of the window) over the distance of
extrapolation (i.e. uAr) can statistically increase the reliability of the extrapolation. As
well, as mentioned previously, equation (7.21) indicated that, for the given
displacement and residuals, the error due to the residuals of the linear approximation

can be relatively reduced by using a sufficiently large window.

7.4.4. The Reasons for Using the Iterative Process with the Large to Small
Elementary subsets

The analysis of the error expressed by equation (7.21) shows that the magnitude of the

error due to the use of the differential form of the energy equation is related to:
1. The magnitude of the displacement of the consecutive images.

2. The magnitude of the residual between the linear approximation and its original
temperature function, i.e. the intensity function of SST images, over the water bodies

flow into or out of the window (the elementary image subset).

3. The essential size of the elementary image subset for the given displacement and the

residual due to the linear approximation of the intensity function.

Obviously, the magnitude of displacement is the key factor to the error due to the use of
the differential form over the large finite element. It controls the size of the elementary
subsets and the residual of the linear approximation over the subset. When the
displacement of the consecutive images is large, the large elementary subset is essential.
Generally, the larger the elementary subset, the larger the residual of the linear
approximation over the subset, and the residual reduces as the size of the subset
reduces. This is the reason for the proposed scheme using the iterative procedure, and
the large to small elementary subsets in the iterative processes. As described in section
7.2, the unknowns to be determined in each iteration are the lags of four patch corners
between the template patch from the first image and the resampled image from the
second image, using approximate displacements estimated in the previous iteration. The
resultant lags are the correction value of the displacements between the template and the

optimally matching sub-image in the second image. In the initial state, the approximate
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displacements are less accurate or entirely unknown, thus, the lag between the template
patch and the resampled patch are correspondingly large. Therefore, the large
elementary subset should be used to suit the large spatial lag of the patches.
Consequently, due to using the large subset, the error expressed in equation 7.21 can be
un-ignorably large, especially, when the short wavelength components possess large
energy. Thus, the resultant displacements need to be refined. As the estimated
displacements are iteratively refined, the resampled patches gradually approach their
optimal positions, and the spatial lag between the template patch and the resampléd
patch become smaller and smaller, thus, the smaller elementary subset should be used to

reduce the residuals of the linear approximation.

If without apriori approximate displacement knowledge being available, the search of
the least squares matching starts from the position where the template patch is located,
ie. Ax’ and Ayo equal to zero. Under this circumstance, a large spatial lag between the
sub-image resampled with Ax° = 0 and 4)° = 0 and the sub-image contained in template
1s expected. In the areas of relative strong currents, the maximum displacement for two
12 hour separated images can be over 20 pixels. Based on the above discussion, the
large initial elementary subset should be used. Kelly [1989] suggested the size of the
elementary subset should be at least larger than the displacement to be determined.
Therefore, the elementary subset of a size over 20x20 pixels is required. This is about

the size of the patch used in this study.

This analysis also shows that the error of using the first order differential approximation
related to the spatial frequency composition of input image. If the image is dominated
by the components of the wavelengths shorter than the size of the elementary subset, the
least squares matching may not even provide the correct search direction in the first
iteration, when initiating the search. This is an extra requirement to the image condition
over those for the cases using the MCC method or relaxation method. It is generally
feasible to initiate the search using the least squares matching, or equivalently the
inverse model method, because the SST images fréquently are dominated by long
wavelength components. However, this extra requirement is an avoidable restriction to

the estimation. Therefore, it may somehow make the least squares matching, or
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equivalently the inverse model using the differential form of the energy conservation
equation, not the best choice for the initiation of the search. Besides this, in the initial
stage of the search, due to the large spatial lags of the corresponding patches, the search
relies on the long wavelength components, thus the raw images or the low pass-filtered
images are preferred. However, when the resampled patches approach their optimai
positions, the long wavelength components contained in the template and the resampled
patches are highly correlated, and then they do not contribute or contribute little to the
further searching. Thus, to make the features more traceable, the high pass filtered
images are preferred. This means that the images used for the estimation need to be
switched from the raw image used for the initial search to the high-pass filtered images

for accurate matching. This is not a problem for implementation. However, it does

complicate the programming,

Furthermore, the study in Chapter 6 shows that, the relaxation method improves the
consistency and robustness of the estimation by using both the correlation distribution
information and the contextual information of the velocity field, although the resultant
field in the areas of strong velocity gradient variation can be over-smoothed due to used
of large and fixed-shape templates and the imperfection in the model used as the
compatibility function. Contrarily, because in the initial iteration of the least square
matching proposed in this chapter, which is equivalent to the inverse model method
used in Kelly [1989] and Kelly et al.[1992], the number of observation equations is less
than the number of the unknowns (the displacements vectors) due to the use of the large

elementary subset, the inversion is under-determined, and extra constraints are

necessary.

Kelly [1989] and Kelly et al. [1992] have shown that the weights of the constraints can
largely affect the resultant field, while, the optimisation of the weights is not an easy
task. This difficulty can be avoided by initialising the search using the relaxation
method. In successive iterations of JPLSM, due to the reducing size of the elementary
subset, the number of observation equations increases up to 24x24=576 in each patch.
In the joined-patches least squares matching, the number of unknowns to be determined,

for an area of mxn patches, is (m+1)(n+1). On average, each patch has (m+1)n+1)/mxn
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unknowns to be determined. The actual number of unknowns for each patch is less than
8. The inversion is not under-determined any more, except that the patches containing
insufficient traceable SST features. In the refinement process, using the JPLSM
algorithm, if there are more than 8 observation equations from the 576 observation
equations of a patch that are linearly independent (i.e. the gradients of the
corresponding subsets are not correlated to each other), all 8 unknowns of a patch are
determinable and the system is not under-determined. Based on these concerns, the
proposed scheme is designed only for refining the resultant displacement field estimated

using the relaxation method. This choice is made purely on a preferential basis.

7.5 Experimental Results

7.5.1 The Experiment Using Synthetic Image Pair

The proposed joined-patch least squares matching scheme was firstly tested using an
AVHRR thermal image shown in Figure 5.1 as the first image and a synthetic image
shown in Figure 5.4 as the second image. The synthetic image is generated by
iteratively resampling (driving) the image shown in Figure 5.1 using a velocity field
based on the velocity vectors derived by subjectively tracking the SST features in a pair
of real AVHRR thermal images shown in Figure 5.1 and 5.2. The detailed techniques
used for the control velocity field determination and the synthetic image generating
have been given in Chapter 5. The temporal interval between the image shown in Figure
5.1 and the synthetic image (they will be referred as the synthetic image pair hereafter)
is equivalent to 18 hours. As the control velocity field is based on the velocity vectors
determined from the real image pair, using a subjective feature tracking method, the
SST field variation due to the major advective physical processes such as shifting,
rotation and the straining motion, are simulated in the synthetic image. While, the SST
variation due to the non-advective physical processes, such as the vertical mixing and

the surface heating and cooling, are not simulated in the synthetic image.

In the experiment using the synthetic image pair, the cloud contaminated pixels were

not excluded from the computation, for the reason that in the synthetic image
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derivation, the cloud contaminated pixels in the original image are shifted along with

the SST features, thus, these pixels actually become a part of the SST features.

The initial approximate displacement field was determined using the relaxation method
proposed in Chapter 6. The input approximate displacement field is shown in Figure

6.14.

In the refinement process, the spatial lags of the SST features in the template sub-image
and their counterparts in the resampled sub-image, using the approximate displacements
are expected to be within 5-10 pixels. The long wavelength components contained in
the two sub-images are already highly correlated, thus the further search process relies
on the short wavelength components (i.e. the small scale features). To enhance the
traceability of the small features, the image pair was preprocessed using a running
average high-pass filter of 25x25 pixels window. The detailed description about the
filter has been given in Chapter 5. The high-pass filtering also removes the non-
advective physical process effects such as the vertical mixing and the surface heating
and cooling which generally have much larger scale than 25x25 pixels (i.e. about 30x30
km). To reduce the effect of noise, the high-passed images were then smoothed using

low-pass filter of 3x3 pixels window.

The sizes of the elementary subset used in the test are 5x5 pixels and 3x3 pixels for the
first 2 iterations and 2x2 pixels for the successive iterations until the processing
converges. The number of elementary subsets, equivalent to the number of observation
equations, in each patch are correspondingly 6x6=36 and 12x12=144 for the first 2
iterations, and 24x24=576 for the successive iterations. The detailed description of the
structure of the patch and the elementary subset have been given in section 7.2. The

iteration was terminated when the resulted maximum displacement correlation value

was less than 0.5 pixel.

As has been discussed in section 7.3.4, there is a great disparity between the number of
observation equations and the number of constraint equations. To balance the

contributions of the observation equations and the constraint equations, the B'P,B and
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the corresponding B'P,Ls, and C"P.C and corresponding C'PL, in equation (7.12)
were scaled by S, and S, respectively. The scaling factors S, and S, were computed
using equation (7.13), and in this test, are 1.3 x10* and 8 respectively when the

elementary subset 1s 2x2 pixels and each patch has 24x24=576 observation equations.

To understand the effect of the constraints, the least squares matching process was
examined with three tests, giving different weights to the constraint. In the first test, all
of the constraint equations were equally weighted with 1, and the condition of the
patches were ignored. In the second test, all constraints were equally given a very small
weight 0.001. In the third test, the weights of constraints were determined based on the
condition number of the normal equation of each patch, which has defined in section
7.3.4. In this test the ratio of the maximum eigenvalue and the minimum eigenvalue
Amax /Amin Was used as the measure of the inversion condition (i.e. the singularity, and
the degree close to singularity). The computed Amar /Amin Of each patch, when the
elementary subset was 2x2 pixels, are shown in the Table 7.1. In the table, the condition
numbers are arranged as an array of the same order as the corresponding patches in the
grid. The weight of the smoothness constraint of a grid point is determined based on the
maximum condition measure, Auqa/Am» , Of the patches adjacent to it (each inner grid
points has 4 adjacent patches, the grid points along the edge of the image domain have 2
adjacent patches and the grid points at the corners of image domain have 1 adjacent
patch). For an ill-conditioned patch, and as shown in Figure 7.8, where the ill-
conditioned patch is shaded grey, the smoothness constraints at the corners of that ill-
conditioned patch were given large weights, to enhance the contextual relation with

their neighbouring grid points marked with black dots.

In the test, when the maximum A,/ Amin, among the adjacent patches of a grid is larger
than 2000, the smoothness constraints centred at this grid point were given a weight of
1. For the grid point of a maximum square condition number smaller than 2000, the

weight is given by the following function:

J Moo Ay 2 h / <2000
p=\"2000 /) VPN Mmux/ Aus (7.23)

1 whenA__ /A > 2000
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Table 7.1 The square condition number (i.e. the ratio of maximum eigenvalue over the
minium, Amed'Amin,) Of the normal equation of each patch (computed using synthetic
images)

34. 33. 65. 278. 927. 139. 24. 15. 204. 100. 34. 152. 67.
170. 66. 82. 351.1551. 693. 99. 117. 941. 155. 95. 137. 119.
163. 143. 403. 183. 114. 482. 127. 62. 101. 165. 43. 75.1047.

33. 35. 90. 137. 74. 148. 309. 205. 411. 161. 196. 273. 46.

51. 55. §&57. b54. 63. 66. 59. 292. 305. 129, 131. 49. 346.

38. 38. 64. 56. 44. 106. 370. 502. 171. 81. 94. 42. 97.

40. 212. 96. 183. 103. 150. 3%4. 108. 32. 38. 737. 58. 265.

48. 37. 159. 174. 69. 64. 111. 18. 28. 20.1815.1099. 65.
105. 123. 14. 29. 23. 193. 213. 620. 138. 60. 144. 513. 204.

48. 61. 16. 23. 77. 702. 133. 72. 137. 289. 148. 252. 197.

39. 69. 27. 26. 75. 192. 152. 31. 89. 70. 260. 37. 39.

Figure 7.8 The smoothness constraints around a patch of ill condition, where the ill-
conditioned patch is marked with grey, the grid points connected to this patch are
marked with white, and the grid points linked to this ill-conditioned patch through
smoothness constraints are marked with black.

Table 7.1 shows that there are no patches of a square condition number over 2000, only
4 patches between 1000 - 2000, 9 between 500-1000, 21 between 200-500, and 109
under 200, among the total 143 patches. The weights computed using equation (7.23)
were under 0.01 for about 75% of the grid points, and only 14 points that were adjacent
to the patches of square condition number (i€. Ama’ Amin) Over 1000 were given a weight
over 0.25. The intention of giving such small weights to the constraints is to ensure that
the estimation is dominanted by the similarity of the SST features, and to minimise the
interference of the constraints, if the patch is not really of ill-condition. Generally, the

constraints are based on certain models or assumptions, thus, the reduction in the weight
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of the constraints can reduce the effect of imperfection of the model or assumptions the
constraints are based on, and also, the minimising the modification due to the
constraints, will reduce the complexity in the interpretation of the resultant field for
oceanographers. The oceanographers would normally prefer the measurements of the

real ocean compared the estimation under certain assumption or via a model.

Due to the use of the joined patch, the displacement of each inner grid point is estimated
based on the information in the 4 adjacent patches. However, the grid point located
along the edges of the grid and the point at the corners of the grid has only 2 and 1
adjacent patches respectively, and relative less information is available for the
estimation at these points. Therefore, in test 3, the smoothness constraints related to the
corner points are given a weight of 0.5, and a weight of 0.25 to the grid points on the

edges of the grid.

The weight for the incompressibility constraint is also determined based on the normal
equation condition number (see section 7.3.4) of each patch and using equation (7.23),
and the patches along the edges of the grid and at the corners are also given the weights

0.25 and 0.5 respectively.

The computations take about 18 iterations to converge. The resultant fields of three tests
are shown in Figures 7.9, 7.10, and 7.11. The resultant displacement fields are
compared with the control field used for the generation of the synthetic image. The

control field (the displacements field of 18 hours separation) is shown in Figure 6.15.

The comparison is measured by the improvement in in correlation coefficient, the rms
difference between the control field and the resultant field in magnitude dm and
orientation da, and the significant erroneous estimates as for the cases in Chapters 5 and
6. However, since the input approximate displacement field was estimated using the
relaxation labelling method, the number of significant erroneous estimates of the
resultant field was significantly reduced compared with the resultant field using the
MCC method. The refinement process based on the joined-patch least square matching

proposed in this chapter further increases the consistency and accuracy of the resultant
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field. Therefore, two levels of measure are used to determine the significant erroneous
estimates. The low level measure is the same as that used in Chapter S, ie. if the
difference between estimated vector and corresponding vector in control field is greater
than 7 pixels in magnitude, or 30° in orientation, the estimated vector is counted as an
erroneous estimate. The higher level measure is 5 pixel in magnitude, or 20° in
orientation. These two levels of measure are determined based on the rms dm and rms
da values. In Chapter 5, the resultant field estimated using the MCC method with
rotational search and 18 hours separated high-pass filtered synthetic image pair, had a
rms difference of 6.6 pixels in magnitude, and 31° in orientation, thus, the 7 pixels in
magnitude and 30° were used as the measures of significant erroneous estimate. The
relaxation labelling method improves the rms differences to 4.7 pixels in magnitude and
19° in orientation, and the JPLSM refining process further improves the accuracy of the
resultant field, thus, 5 pixels or 20° are used in this chapter as the higher level measure
for the significant erroneous estimate. The results of the three tests are listed in Table
7.2. The corresponding measures of the resultant fields from the relaxation labelling
method and the rotational MCC method are also listed in Table 7.2, for comparison. In
the table 7.2, n; is the number of vectors that are different from the control field with
errors greater than 7 pixels or 30° , n, is the number of the vectors that are different from

the control field within 5-7 pixels or 20° -30° .

Table 7.2 Results of tests of using joint-patch least square matching (JPLSM) refining.

average correlation | rmsdm | rmsda | m n,
coefficient
JPLSM refining test 1 0.79 43 11° 3 7
JPLSM refining test 2 0.87 3.2 12° 3 1
JPLSM refining test 3 0.88 0
| Relaxation labelling | 066 ¢
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Figure 7.9 The resultant displacement field from test 1, computed using JPLSM refining
scheme, where all constraints were given an equal weight of 1.

Figure 7.10 The resultant displacement field of test 2, computed using JPLSM refining
scheme, where all constraints were given an equal weight of 0.001.
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Figure 7.11 The resultant displacement field from test 3, computed using JPLSM
refining scheme, where the weight of constraints were computed based on the condition
number of the normal equation of each patch using equation (7.23).

The correlation coefficients between the templates and the corresponding patches,
resampled using the initial approximate displacement field estimated using the
relaxation scheme, are shown in the first array Table 7.3. The correlation coefficients
after the refining process in test 3, where the weight of the constraints computed are
based on the condition of normal equation of each patch as previously described, are
shown in the second array. The correlation coefficient improvements are shown in the
third array in Table 7.3. The correlation values and the corresponding improved values
are arranged in arrays of the same order as the corresponding patches.

Table 7.3 The correlation coefficients of each patch before and after the JPLSM
refinement process and the improvements in correlation value (computed using the
input and outcome displacement fields of test 3, using the synthetic image pair)

(a) correlation coefficients of each patch before the least squares matching refinement

0.6 0.4 0.6 0.6 0.4 0.3 0.1 0.1 0.2 O. 0.8 0.9 0.6
0.5 0.5 0.6 0.5 0.9 0.9 0.2 -0.1 0.2 0.6 0.8 0.9 0.8
0.5 0.6 0.5 0.8 0.7 0.9 0.3 0.7 0.9 0.6 0.6 0.9 0.8
0.2 0.5 0.7 0.6 0.7 0.7 0.9 1.0 1.0 0.9 0.9 0.9 0.6
0.7 0.7 0.5 0.6 0.8 0.7 0.6 1.0 0.9 0.8 0.6 0.5 0.7
0.7 0.6 0.7 0.7 0.6 0.7 0.8 0.9 0.9 0.8 0.7 0.4 0.7
0.7 0.9 0.7 0.8 0.7 0.5 0.9 0.8 0.4 0.9 1.0 0.8 0.7
0.8 0.6 0.8 0.9 0.7 0.6 0.8 0.5 0.5 0.3 1.0 0.8 0.4
6.5 0.7 0.6 0.6 0.2 0.5 0.7 0.9 0.5 0.7 0.6 1.0 0.1
0.5 0.7 0.8 0.7 0.3 0.8 0.4 0.8 0.8 1.0 0.8 0.9 0.5
0.2 0.6 0.6 0.6 0.7 0.8 0.6 0.6 1.0 0.8 0.7 0.9 0.5
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(b) correlation coefficients afier the refinement process

0.9 o.8 0.9 0.7 0.6 0.3 0.6 0.5 0.2 0.7 0.9 1.0 0.9
0.9 0.9 0.9 0.7 1.0 0.9 0.6 0.2 0.3 0.7 0.9 1.0 0.9
0.9 0.9 0.7 0.9 1.0 1.0 0.9 0.9 1.0 0.9 0.9 1.0 0.9
0.8 0.9 0.9 0.9 ¢.9 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.8
0.9 0.9 0.8 0.9 0.9 0.9 0.9 1.0 1.0 1.0 1.0 0.8 0.8
6. 0.8 0.9 0.9 0.9 1.0 1.0 1.0 1.0 1.0 0.9 0.5 0.7
0.9 1.0 0.9 1.0 0.9 0.9 1.0 1.0 0.9 0.9 1.0 0.9 0.9
0.9 0.9 1.0 1.0 0.9 0.9 0.9 0.7 0.8 0.8 1.0 0.9 0.8
0.9 0.9 0.9 0.8 0.8 0.9 0.9 1.0 0.9 0.9 0.8 1.0 0.8
0.9 0.9 0.8 0.9 0.7 1.0 0.9 1.0 1.0 1.0 0.9 1.0 0.9
0.8 0.9 0.9 0.8 0.9 1.0 1.0 1.0 1.0 1.0 0.9 0.9 0.9

(¢) correlation value improvements afier the refinement process

0.3 0.4 0.3 0.1 0.2 0.0 0.5 0.4 0.0 0.0 0.1 0.1 0.3
0.4 0.4 0.3 0.2 0.1 0.0 0.4 0.3 0.1 0.1 0.1 0.1 0.1
0.4 0.3 0.2 0.1 0.3 0.1 0.6 0.2 0.1 0.3 0.3 0.1 0.1
0.6 0.4 0.2 0.3 0.2 0.3 0.1 0.0 0.0 0.1 0.1 0.1 0.2
0.2 0.2 0.3 0.3 0.1 0.2 0.3 0.0 0.1 0.2 0.4 0.3 0.1
0.2 0.2 0.2 0.2 0.3 0.3 0.2 0.1 0.1 0.2 0.2 0.1 0.0
0.2 0.1 0.2 0.2 0.2 0.4 0.1 0.2 0.5 0.0 0.0 0.1 0.2
6.1 0.3 0.2 0.1 0.2 0.3 0.1 0.2 0.3 0.5 0.0 0.1 0.4
0.4 0.2 0.3 0.2 0.6 0.4 0.2 0.1 0.4 0.2 0.2 0.0 0.7
0.4 0.2 0.0 0.2 0.4 0.2 0.5 0.2 0.2 0.0 0.1 0.1 0.4
0.6 0.3 0.3 0.2 0.2 0.2 0.4 0.4 0.0 0.2 0.2 0.0 0.4

The tests results listed in Tables 7.2 and 7.3, and the resultant fields shown in Figures
7.9, 7.10, and 7.11 show the following:

The accuracy of the estimated displacement fields from all three tests is improved by
the use of the JPLSM refinement process. The rms difference in magnitude and
orientation of the resultant displacement field from test 3 (i.e. the test generating the
best results) are reduced from 4.7 pixels and 19°, determined using relaxation labelling
method, to 2.2 pixels and 9°. The accuracy of the vectors were especially improved in
the areas of strong velocity gradient variation. The vector field in the areas of strong
velocity gradient variation were over-smoothed due to the use of the large template in
the correlation value computation, and the imperfection of the compatibility function in
the relaxation process. The use of the smaller, flexible and jointed patches resolves the
bi-linear deformation of the SST patterns of a spatial scale corresponding to the size of
patch, and therefore, significantly reduces the over-smoothness in these areas. The
improvement can be clearly seen by comparing the field estimated using the relaxation
labelling process shown in Figure 6.14 (the over-smoothed vector are marked with
squares and circles), with the control field shown in Figure 6.15, and the resultant field

using JPLSM (test 3) algorithm shown in Figure 7.11.
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The improvement , by resolving the deformation with flexible and joined patches, is
also evident from the increase of the correlation coefficient between the template and
the corresponding resampled patch. The average correlation coefficient increased from
0.66, for the input approximate displacement field computed using relaxation labelling

method, to 0.88 for the resultant field from test 3.

In the proposed algorithm, the patches of the entire grid are integrated as a single
flexible template (i.e. like a rubber sheet). Therefore, the contextual information can be
conveyed among the neighbouring patches, and the strength of the inter-patch structure
(the smoothness and joint-patch constraints) and the intra-patch structure (the
incompressible constraint) can be controlled by varying the weight of the corresponding

constraint equations based on the condition of the features contained in the patch.

The resultant field from test 2, in which all constraints were equally given a very small
weight of 0.001, shows that all vectors at inner grid points were well estimated, except 4
mis-estimates which locate along the edge or at the corners of the grid. They are the
vectors at row 1 column 10, row 1 column 14, row 2 column 9, and row 12 column 1.
This indicates that under the condition of the images used for the test, normal equation
of all patches are not ill-conditioned. For the non-ill-conditioned inner grid points,
constraints can be given a very small weight. However, due to the weak inter-patch
structure of the along-edge or at-corner grid points, the patches with relatively flat
gradients or with features in a dominated direction, may generate mis-estimates. Thus,

the structure of edge and corner points should be enhanced by the constraints as is the

case in test 3.

The resultant field from test 1, in which all constraint equations were equally given a
weight of 1, is relatively too smooth around the eddy in the lower-left image domain
compared with the control field. This is due to the imperfection of the model used for
the smoothness constraint. As discussed in section 7.3.2, the smoothness constraint
based on the second order difference of neighbouring vectors, implies the velocity field
varies linearly and the non-linear variation is controlled by the corresponding weight of

this constraint. When this linear constraint is over-weighted in the areas where the
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velocity field has strong non-linear variation, it may reduce the accuracy of the

estimation.

7.5.2 The Experiment Using Real Image Pair

The proposed scheme was also tested using a pair of real thermal infrared images,
shown in Figure 5.1 and Figure 5.2. These two images are separated by 12 hours. The

detailed descriptions about the images have been given in Chapter 5.

As was the case for the test using the synthetic image pair, the images was preprocessed
using the running average filter of 25x25 window, then smoothed using 3x3 window
low pass filter to reduce the effect of noise. The initial approximate displacement field
was determined using the relaxation scheme. The input approximate displacement field
is shown in Figure 6.18. The elementary subset sizes and the scaling factors used in this
test are the same as those used in the test using the synthetic image pair. Except for the
grid point adjacent to the cloud contaminated patches, the weight of the constraints were
determined, as was the case in test 3 using synthetic image pair, based on both the
condition number of the normal equation of each independent patch, and the inter-
structure of neighbouring grid points (ie. if the point is a inner, edge or corner point).

The computed condition measure, Amax/Amin are shown in the Table 7.4.

Table 7.4 The ratio of the maximum and the minimum eigenvalues of the normal
equation of each patch (computed using real images). The value corresponding to
cloudy patches are set to zero in the table.

0. 0. 0. 0. 23. 608. 32, 0. 0. 172. 182. 65. 318. 83. 114.
0. 0. 0. 0. 94. 147. 0. 0. 0. 788. 28. 31. 101. 405. 80.
104. 0. 0. 0. 84. 76. 268. 429. 439. 24. 49. 53. 86. 242. 494.
53. 110. 0. 0. 663. 87. 236. 143. 43. 240. 126. 80. 72. 505. 401.
24. 45. 151. 634. 40. 51. 472, 268. 65. 172. 60. 57. 207. 69. 0.
466. 666. 40. 40. 35. 25. 51. 75. 408. 236. 15. 141. 43. 122. 0.
53. 484. 33. 74. 66. 22. 77. 156. 412. 64. 138. 112. 19. 0. 0.
365. 64. 50. 81. 63. 57. 41. 194. 285. 30. 154. 154. 171. 146. 97.
653. 24. 59. 195. 83. 208. 77. 52. 24. 26. 472. 308. 258. 95. 176.
290. 65. 756.1571. 41. 53. 121. 122. 0. 444. 260. 31. 459. 46. 43.
0. 80. 22. 223. 23. 107. 219. 211. 123. 59. 169. 120. 631. 110. 31.
0. 0. 0. 0. 42. 134. 314. 243. 106. 86. 270. 83. 42. 59. 410.
0. 0. 0. 0. 922. 345. 53. 47. 206. 79. 212. 195.1083. 237. 293.

In the test, the cloud contaminated pixels were detected and masked using the algorithm
described in Chapter 4. When the sum of the detected cloudy pixels, within both

template and the resampled sub-image from the second image, is larger than 20% of the
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total number of the pixels in the template (i.e. 25x25 in our study), the patch was treated
as a “no-information” patch. Their condition number is set as 0 in Table 7.4. The grid
points associated with these “no-information” patches were classified as “no-

information” points and “semi-effective” points —

e If all patches around a grid point are “no-information” patches, the grid point is

defined as a “no-information” point.

e If at least 1 (and less than 4 patches) among the 4 adjacent patches are effective

patches, the grid point is defined as a “semi-effective” point.

Figure 7.12 shows the geometry of the “no-information” patches and the “no-
information” points and “semi-effective” points. In the figure, the “no-information”
patches are shaded grey, the “no-information™ points are marked with black dots, and

the “semi-effective” points are marked with grey or white dots.

>

Figure 7.12 The geometry of the “no-information” patches, the “no-information’
points, and the “semi-effective” points.

As was mentioned in section 7.3.4, the equation system of this least squares matching
scheme consists of three parts, the observation equations based on equation (7.6), the
smoothness constraint equations, and the equations based on the incompressible
constraint, and they are denoted as Ax=L,, Bx=L;, and Cx=L, respectively. In the test,
the “no-information” patches are excluded from the estimation computation and no

observation equations from these patches were used in Ax=L,. The displacements at the
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“no-information” points are generally not estimated and they are exclude from the
unknown vector x, except for the isolated “no-information” points, where all
neighbouring grid points are not the “no-information” points. For example, in Figure
7.12, the point surrounded by “no-information” patches 5,6,7 and 8 is defined as an
isolated no-information point. The displacements of isolated “no-information™ grid
points are purely determined (interpolated) through the constraints and the isolated “no-
information” points were included in the unknown vector x. The purpose of the
inclusion of such isolated “no-information” points was to keep the strength of the
structure of joined-patches. Both the smoothness constraints and the incompressibility
constraints over the “no-information” patches, around an isolated “no-information”
point, were given a weight of 1. For the same reason, the “semi-effective” points on the
two sizes of the “no-information” patches are linked using both the smoothness
constraints and the incompressibility constraints, and these constraints are also given a
weight of 1. The “semi-effective” point on the edges of excluded “no-information”
patches such as the points marked with grey colour in Figure 7.12, are treated as if the

edge points or corner points depend upon the number of effective patches adjacent to

them.

The resultant displacement field estimated using real images is shown in Figure 7.13.
As was mentioned previously, because simultaneous in situ data was not available, an
evaluation of the absolute accuracy of the estimated field from the real image pair is
impossible. The control field was used for the evaluations of the estimated field
determined using the MCC method, and the relaxation labelling scheme from the real
image pair in Chapters 5 and 6 is also used as the reference field for the evaluation of

this test. The results are shown in Table 7.5.

The rms dm and rms da in Table 7.5 are the root squares mean difference in magnitude
and orientation, »; is the number of erroneous vectors different from the control field
bygreater than 7 pixels in magnitude or 30° in orientation, n, is the number of the

erroneous vectors different from the control field by 5 to 7 pixels or 20° to 30°.
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Figure 7.13 The resultant field of JPLSM refining process using real images of 12
hours temporal separation

Table 7.5 Results of test of using joined-patch least square matching (JPLSM) refining
(using real images), and comparison with the relaxation method and MCC method.

average correlation | rmsdm | rmsda n ny
coefficient
JPLSM refining 0.60 4.1 28" 3 13
Relaxation labelling 0.48 4.3 27° 5 12
MCC with rotational search 0.48 5.5 50° 25 | N/A

The difference between the comparison of the estimated velocity field using the
synthetic image pair against the control field, and the field estimated using the real
images against the control field, should be noted. Because the synthetic image was
derived using the control field, it is an error-free reference field for the evaluation of the
estimated field using synthetic images. In the case of using real images, the comparison
is betweén twb éstimated fields whlch is é‘ diﬁ‘erent case frdm tﬁe\evaluation of the
estimated field using synthetic images. The control field was determined by firstly
subjective tracking (manually) the displacement vectors of distinguishable SST features,
then interpolating the entire image domain by least squares fitting of a stream function

of the Fourier series form from those subjectively determined vectors. (The detailed
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method used for the determination of the control field is given in section 5.2, Chapter
5). Even though the image pair used in this test is the same pair used for the control
field determination, in the subjective feature tracking method, the vectors were
determined by tracking the most traceable features. Generally these vectors are not
located at the positions of the grid points, and these are relatively sparse. In the control
field, the displacements at grid points are actually the interpolations of these vectors.
The use of the visual interpretation, and tracing most traceable features in the
determination of the control field, can avoid coarse errors (i.e. the significant mis-
estimates). However, the interpolation may introduce a certain degree of error. In other
words, the control field is a correct but not error-free reference field for the comparison

in the case of using real images.

In chapter 5, the fields estimated using the MCC method are usually inconsistent and
have a large number of mis-estimates. Compared with the MCC estimates, the control
field is much more consistent and accurate, therefore it was a good reference field for
the evaluation, and the comparison reflected well the consistency and quality of the

estimated field.

As compared to the fields estimated using MCC method in Chapter 5, the consistency
of the estimated field in Chapter 6 is significantly improved by using the relaxation
labelling method, and the experiments using synthetic images in section 7.5.1 of this
chapter, show the accuracy of the estimation is further significantly improved by using
JPLSM refining process. Figure 7.13 also shows the estimated field is almost as
consistent as the control field (shown in Figure 5.3). Thus, the reference field and the
estimated field may be of the same order of error, and the rms dm, rms da, n; and n,
listed in Table 7.5 may not be the best measures of accuracy of estimation. Direct

evaluation is impossible for this experiment.
However, some improvements and problems of the use of the JPLSM refining process

can be suggested from viewing the correlation values. The correlation coefficients

before and after the JPLSM refining process of each patch, and their differences are
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shown in Table 7.6. As for Table 7.3, the correlation coefficients are arranged as the

arrays of the same order as the grid.

Table 7.6 The correlation coefficients of each patch before and after JPLSM refining

process and the differences in correlation value using real images

(a) correlation coefficients of each patch before the JPLSM refinement

-0.3 -0.3 0.0 0.0 0.2 0.8 0.9 0.9 0.4 0.6

0.0 0.0 0.0 0.0 0.7 0.6 0.0 0.0 0.0 0.6 0.5 0.4 0.7 0.5 0.4
0.4 0.0 0.0 0.0 0.4 0.6 0.4 0.6 0.7 0.6 0.4 0.0 0.3 0.3 0.7

0.7 0.6 0.0 0.0 0.7 0.6 0.6 ¢6.1 0.8 0.7

0.0 0.0 0.0 0.0 -0.2

0.6 0.2 0.7 0.3 0.5

0.0 -0.1 0.4 0.3 0.6 0.6 0.7 0.6 0.7 0.6 0.5 0.9 0.8 0.2 0.0
0.1 0.2 0.4 0.2 0.3 0.7 0.4 0.3 0.8 0.7 0.5 0.3 0.4 -0.2 0.0

0.3 0.3 0.0 0.3 0.3 0.2

0.3 0.6 0.9 0.5 0.5 0.4 0.6 0.0 0.0

0.2 0.5 0.7 0.0 0.6 0.5 0.5 0.8 0.8 0.1 0.6 0.6 0.8 0.4 0.8

0.3 0.6 0.4 0.4 0.2 0.8 0.5 0.5 0.4 0.2

-0.1 0.9 0.9 0.2 0.4

0.6 0.5 0.8 0.0 0.2 0.2 0.7 0.3 0.0 0.7 0.6 0.4 0.9 -0.4 0.0
0.0 0.1 0.2 0.0 0.0 0.2 0.9 0.6 0.3 0.3 0.5 0.0 0.8 0.2 0.3

0.0 0.0 0.0 0.0

-0.1 0.3 0.8 0.6 0.7

-0.2 0.5 0.5 0.2 0.3 0.5

-0.1 0.3 0.3 0.4 0.4 0.3 0.5 0.3 0.5 0.5

(b) The correlation coefficient of each patch after the JPLSM refining process

0.0 0.0 0.0 0.0 0.5

-0.2 0.0 0.0 0.1 0.8 0.8 0.9 0.4 0.6

0.0 0.0 0.0 0.0 0.3 0.2

0.0 0.0 0.0 0.0 0.5 0.7 0.0 0.0 0.0 0.7 0.6 0.7 0.8 0.5 0.4

¢.7 0.0 0.0 0.0 0.3 0.6 0.4 0.7 0.7 0.7 0.5 0.9 0.5 0.3 0.8
0.7 0.7 0.0 0.0 0.7 0.5 0.9 0.7 0.9 0.9 0.9 0.7 0.7 0.4

0.8

6.6 0.3 0.3 0.4 0.4 0.7 0.9 0.8 0.9 0.9 0.8 0.9 0.9 0.5 0.0
0.5 0.2 0.3 0.2 0.4 0.7 0.6 0.6 0.9 0.9 0.8 0.9 0.6 0.0 0.0

0.4 0.4 0.4 0.7

6.8 0.6 0.8 0.9 1.6 0.6 0.8 0.6 0.5 0.0 0.0

0.3 0.6 0.8 0.5 0.7 0.8 0.8 0.9 0.8 0.3 0.7 1.0 0.8 0.4 0.8

0.2 0.8 0.6 0.8 0.9 0.8 0.6 0.8 0.5 0.2

-0.1 0.9 0.9 0.5 0.5

0.7 0.7 0.8 0.3 0.1 0.3 0.7 0.8 0.0 0.8 0.5 0.4 1.0 0.3 0.1
0.0 0.3 0.2 0.0 0.3 0.4 0.9 0.6 0.6 0.6 0.9 0.8 0.9 0.6 0.6

-0.2 0.5 0.8 0.5 0.8 0.7 0.5 0.5 0.8 0.7 0.7

0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.4

-0.1 0.3 0.6 0.6 0.6 0.4 0.7 0.6 0.6 0.6

(c) the correlation coefficient difference of each patch before and after the process

-0.1 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.5 0.5 0.1 0.0 0.0 -0.1 0.0
-0.2 0.1 0.0 0.0 0.0 0.1 0.1 0.3 0.1 0.0 0.0

0.0 0.0 0.0 0.0
0.3 0.0 0.0 0.0

-0.1 0.0 0.0 0.1 0.0 0.1 0.1 0.9 0.2 0.0 O.1

-0.1 0.3 0.6 0.1 0.2 0.3 0.5 0.0 0.1 0.3
-0.2 0.1 0.2 0.2 0.2 0.3 0.3 0.0 0.1 0.3 0.0

-0.1 0.0 0.1 0.0 0.2 0.3 0.1 0.2 0.3 0.6 0.2 0.2 0.0

0.0 0.1 0.0 0.0 0.0

0.6 0.4

-0.1 0.1

0.4 0.0

-0.1 0.0 0.0

0.1 0.1 0.4 0.4 0.5 0.4 0.5 0.3 0.1 0.1 0.3 0.2

0.1 0.1 0.1 0.5 0.1 0.3 0.3 0.1 0.0 0.2 0.1 0.4 0.0 0.0 0.0

0.7 0.0 0.1 0.3 0.1 0.0 0.0 0.0 0.0 0.3 0.1

-0.1 0.1 0.0 0.5 0.0 0.1
0.0 0.2 0.0 0.0 0.3 0.2 0.0 0.0 0.3 0.3 0.4 0.8 0.1 0.4 0.3

-0.1 0.2 0.2 0.4

-0.1 0.0 0.1 0.7 0.1

0.1 0.2 0.0 0.3

0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.3 0.5 0.2 0.6 0.2 0.0 0.1 0.0

0.2 0.3 0.1 0.1

-0.1 0.0 0.0 0.3 0.2 0.2 0.1

0.0 0.0 0.0 0.0

As was the case using synthetic images, the use of joined, smaller and flexible patches

resolved the deformation due to straining motion, and increased the average correlation

coefficient from 0.48 to 0.60. It illustrates the improvement of the estimation quality.
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However, the differences of the correlation coefficient (the third array in Table 7.6)
shows that the improvement of the correlation after refining process is not constant over
the entire image domain. The differences of some patches are negative, and most of
these patches are located along the edges adjacent to the cloudy contaminated areas.

The negative improvement in correlation may be due to the following reasons:

e The patches adjacent to the cloudy areas can also contain cloud contaminated pixels
(include detected and undetected). The mask of the detected cloudy pixels reduces
the number of effective pixels of the patch, and undetected cloud pixels add serious

noise to the matching process.

e The inter-patch structure of the patches along edges or at comers is much weaker

than inner patches.

¢ To strengthen the inter-patch structure of these along-edge or at-corer patches, large
weights were used for the constraints corresponding to these patches. The use of
these weights may result in over-smoothness of the estimated vectors corresponding

to these patches, especially, those patches contain relative less effective pixels due to

cloud contamination.
7.6 Summary

In this chapter an algorithm base on joined-patch least squares matching (JPLSM) is

proposed to improve the accuracy of estimation from consecutive SST images.

In section 7.4, the relation between the proposed JPLSM algorithm and the inverse
model method is illustrated. The observation equation of the least squares matching
algorithm is derived based on the similarity of the intensity functions of the consecutive
image pair (i.e. the geometric meaning of the observation equation). However, it is also
the differential form of the energy conservation equation (i.e. physical meaning of the
observation equation), in the application of estimation of the velocity field from
consecutive thermal images. The algorithm traces the displacement of the SST features
based on the similarity of the image intensity functions, and the iteratively determined

updating values of the displacement vectors satisfy the thermal energy conservation
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between the template image and the resampled second image. Therefore, the proposed
algorithm unifies the method of feature tracking and the inverse model method, which is

based on the thermal conservation equation.
The results of the experiments reported in the chapter show that:

1. The rms difference in magnitude and orientation of the resultant displacement field
from test 3 using synthetic image pair of 18 hours separation (i.e. the test generated
best results) are reduced from 4.7 pixels and 19°, determined using relaxation

labelling method, to 2.2 pixels and 9°.

2. The use of the smaller, flexible and joined patches resolves the bi-linear
deformation of the SST patterns of the spatial scale corresponding to the size of the

patch, significantly reduces the over-smoothness in these areas.

3. The minimise the negative effect due to the approximation in smoothness and
incompressibility constraints, the proposed scheme was designed to apply these
constraints to only the patches which contains insufficient traceable features. The
experimental results show that, under the image condition, the maximum A/ Amin,
1.e. the ratio of maximum eigenvalue and minimum eigenvalue, is less than 2,000,
also under this condition, the displacement vectors at the inner grid point can be
well estimated using very small weights for the constraints, while, a relatively larger
weight is needed for the constraints related to along-edge and at-corner grid points,

to strengthen the network structure.
7.7 Suggestion for Future Research

It is apparent that, generally, image noise and undetected cloudy pixels can affect the
computed condition number of the normal equation. The noise and undetected cloud
pixels can reduce the computed condition number. Since the high frequency features are
more traceable then lower frequency features, and the patches dominated by high

frequency features have less chance to be singular than those dominated by low
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frequency features, the patches of high frequency features have smaller condition
numbers than those dominated by low frequency features (smaller condition numbers
corresponding to better traceability of features). Since the noise and cloud pixels of high
frequency, they contribute to the condition number similar to the traceable high
frequency SST features, and thus reduce the condition number. However, they are not
the traceable features in this application, and thus, the small condition number due to
the effect of noise and cloud pixels are not reflect the real tracebility of the SST
features. The under-weighting for the constraints at ill-conditioned patches due to these
small condition numbers resulting from noise and undetected cloud, can result in mis-
estimate when the patch does not really contain sufficient traceable SST features. This
effect has been tested by comparing the Ama/Ami» computed using the image processed
with a running average high-pass filter of 25x25 pixels window, with the image filtered
using firstly a 25x25 window high-pass filter then a running average low-pass filter of
3x3 pixels window (which is shown in Table 7.1 and used in the tests discussed in
section 7.5.1). The comparison found that the maximum variation of computed Amauy/Amin
is 875, however, both computed the vector fields using the smoothed and un-smoothed
images are the same. Although the effect of noise and cloud affected condition numbers
did not occur in the experiment under the image condition, this comparison shows that
the noise and undetected cloud pixels can reduce the condition number. Therefore, the
removal of noise using a 3x3 low-pass filter (as was applied in the tests), and the use of
a consistent check after each iteration are suggested to prevent the inconsistent

estimates due to the effect of small condition numbers resulting from noise and

undetected cloud.

The other aspect suggested for further studies is computational efficiency. As the
computation of the inversion of the large normal equation in the JPLSM scheme is time
consuming, the computational efficiency needs to be improved. The computational
effeciency may be significantly improved by using array algebra [see Rauhala 1980 for

example], or nested dissection [George 1973].
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Conclusion

8.1 Summary of the Thesis and Contributions of the Research

To gain accurate information of sea surface velocity field from consecutive AVHRR

thermal images, two aspects require investigation, these are:

e Improving reliability and accuracy in tracing the displacement of the SST patterns in
consecutive images (i.e. optimisation of the determination of displacement of SST
patterns)

¢ Understanding the relation between the movement of surface temperature patterns,
determined from the consecutive AVHRR thermal images or ocean colour images,
and the movements of ocean currents (i.e. the interpretation of the determined

displacements).

The work described in this thesis focuses on the investigation of the strategies needed to

improve reliability and accuracy of the determination of the SST pattern displacements.

Due to the complexity of the advective and non-advective physical processes of ocean
currents, air-sea inter-effects, and gradient distribution SST or ocean surface colour
patterns, the previous techniques used are, in some cases, relatively too simple for this
application. As well the reliability and accuracy of the determination of the
displacement of the SST features or ocean surface colour features can be affected by a

number of factors as have been discussed in introduction, Chapter 1, and section 2.3.5

of Chapter 2.

The studies described in this thesis focus on:

e The general format of the cross-correlation function distribution of SST features and
its variation due to different pre-filtering and correlation computation methods, and

the effects of the correlation distribution format on the displacement determinations.
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¢ Reducing the uncertainty due to the multi-peak and/or longish distributed correlation
functions, through integrating the correlation value of SST features and contextual

information of displacement fields by using the relaxation labelling technique.

o Further improving estimation accuracy by using jointed bi-linearly flexible templates
to resolve the deformation due to the straining motion, and solve the over-smooth
problem, due to the use of large fixed-shape templates, as used in the MCC method
and relaxation labelling method, by using a joined-patch least squares matching
method. The research further studied the inherent relation between the least squares
matching scheme and the inverse model method, based on the differential form of
the thermal energy conservation equation, in the application of displacement
determination from consecutive AVHRR thermal images, and the necessity of using

an iterative process with large to small elementary units.

Besides these, to reduce the effect of the cloud contamination, a partially cloud
contaminated pixels detection algorithm, based on the Forstner operator, was

developed.

The key contributions of this research and the test results of developed algorithms are

summarised in following subsections.

8.1.1 Partial Cloud Contaminated Pixels Detection

Massive bulky clouds are generally much colder than the underlying sea surface.
Therefore, these cloudy pixels can be detected and masked from AVHRR thermal
infrared images with simple temperature thresholding methods. However, sub-pixel
clouds and the cloud pixels on the edges of bulky clouds usually remain undetected
with such simple thresholding methods. Because these pixels may only be partially
covered by clouds, broken clouds and edges of bulky clouds are often characterised by a
temperature lower than the underlying sea water, but may be higher than some portions
of the sea surface water within the section. Thus, it is hard to distinguish them from

SST features by the simple temperature threshold alone. However, three characteristics
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of these undetected clouds can be noted. First, these scattered cloud pixels may be
warmer than some parts of the water not far from them, but colder than the directly
underlying sea surface. Second, they are often characterised by a high gradient
magnitude. Third, after temperature thresholding, most of the undetected clouds are
small broken-clouds and are characterised as point-type features which are associated
with incoherent gradient directions over a small neighbourhood. The difficulty in
detecting these part cloud pixels, is that the edge features and corner point features of
SST patterns may also have a high gradient magnitude, the same as the scattered cloud
pixels. Therefore, multiple criteria testing is necessary to separate these pixels from the
SST features. The algorithm was developed based on the Forstner operator which has
the advantage that it is able to classify the underlying feature by measuring gradient
strength and coherency of gradient direction within a small window. In the algorithm,
the local gradient magnitude, coherency of gradient direction and intensity structure of
individual pixels are measured with the Forstner operator, and tested against three
criteria. The experimental results show that the gradient strength, roundness of error
ellipse and the difference of the intensity value between the candidate pixel and its
neighbouring pixels are efficient measures for the point type cloud pixels detection, and
with regional temperature thresholding and multi-criteria broken cloud screening, a

majority of point-type cloud contaminated pixels can be detected.

8.1.2 The Correlation Function Distribution of SST Features and Its Variation Due
to Different Pre-filtering and Correlation Computation Methods

The distribution structure of the correlation function is crucial to the reliability and

accuracy of the estimation. However, it has not been well studied in previous research.

In Chapter 5, the way that different pre-filtering and matching schemes vary the

correlation function structures, and consequently, affect the velocity estimation

reliability and accuracy was investigated. The investigation shows that:

1. The rotational search is essential in high dynamic areas, such as the areas which
have strong eddies and rings. Especially when the temporal separation increases to
12 hours and more, the unresolved displacement and deformation due to rotation and

straining may significantly degrade the estimation. The tests in Chapter 5 also show
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that the effectiveness of using the rotational MCC method increases as the frequency

of the SST features increase.

2. The SST field is usually dominated by the large scale patterns. The gradients of
small scale features inside the patterns are usually very weak, but are important for
the determination of the velocity component in the along-isotherm direction, such as
the motion along jets, and the rotation of rings. The use of a high-pass filter of 25x25
to 35x35 window, can enhance the traceability of small features, and consequently,
improve the estimation quality. The study also shows that the use of the high-pass
filter, or gradient computation operator yield abruptly distributed correlation
functions, This increases the sensitivity to the displacement of the corresponding
features. The increase of sensitivity to the displacement can improve the matching
accuracy. However, it also reduces the tolerance to unresolved displacement and
deformation. Therefore, when the high-pass filter or gradient operator is used, the

rotational search is even more desirable.

3. Due to the high auto-correlation of the SST patterns, the corresponding cross-
correlation function frequently has a multi-peak or longish distribution. This
distribution form of the correlation function introduces a high uncertainty into the
estimation, and consequently, results in erroneous estimates. The rotational search
and high-pass filtering partially addresses the problem, but both techniques cannot
change the basic (the multi-peak or longish) distribution structure. A correlation
function of such distribution alone cannot provide reliable measure for the
displacement determination, and additional information is essential to resolve the

uncertainty.

8.1.3 Improvement of Estimation Reliability with Relaxation Labelling

To reduce the inconsistency of the estimated field and the uncertainty in estimation due
to the multiple-peak or longish distribution of the correlation function, an estimation
scheme based on the relaxation labelling technique was proposed and tested. The
proposed scheme estimates the displacement of SST features in consecutive images by

integrating two sources of information — the correlation between the features in
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consecutive images and the compatibility among the neighbouring candidate

displacements. The compatibility is measured with the second order difference of

neighbouring displacements.

In this study, the following capabilities of the proposed scheme were tested:

1. The reliability and robustness in handling the candidate set, containing candidates of

erroneous high correlation value.

2. The feasibility of using the candidate set from coarsely determined correlation

matrices, to improve computational efficiency.

The experimental results showed the following:

o The relaxation scheme is capable of identifying and eliminating the candidates of
erroneous high correlation which are randomly distributed in the image domain.
However, the proposed relaxation scheme is unable to eliminate the systematically
biased candidates of high correlation values, when the systematically biased

neighbourhood is not entirely incompatible with its surroundings.

e The use of the contextual information increases estimation robustness. Therefore,
this allows the relaxation process to use a relative large leap-frog search step in
correlation distribution computation and significantly reduces the computation time.
The selection of the distance of the leap-frog steps is inherently an issue of sampling
rate. The principle of this selection is maximising the reduction of the computation

time with a minimum bias in the computed correlation distribution.

The experimental results also show that the resultant field from the proposed scheme
was slightly over-smoothed in the areas of strong velocity shear gradients due to the
following effects:

1. The use of a large and fixed-shape template in the correlation computation to gain

sufficient information. Also, because the shape of the template is fixed, the

deformation due to the velocity shear is not resolved, and the estimated
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displacements, with such a template, are the average value of the displacement of

features contained in the template.

2. The compatibility equation based on the assumption of the smoothness in the second
order differences among the neighbouring candidates. The accuracy of the
assumption is subject to the balance between the density of the grid points and the

magnitude of the velocity shear gradients.

The results of the experiments show that the refining process (the process based on the
relaxation method described in Chapter 6) can effectively reduce the over-smoothing
effect, resulting from the inaccuracy of the compatibility equation used in the
approximate relaxation. While, the effect due to the use of the large template is an
inherent problem in the correlation computation using fixed-shape templates, this effect
can be reduced by using flexible templates, and resolved by using joined-patch least
squares matching (JPLSM), as discussed in Chapter 7. It is suggested that, when the
JPLSM is used for the resultant field refining, the refining process based on the
relaxation labelling can be omitted, and the computation can directly go to JPLSM

refining after the approximated relaxation process.

8.1.4 Improving Accuracy Using JPLSM

To further improve the accuracy of estimation from consecutive SST images, a refining

process base on jointed-patch least squares matching (JPLSM) was proposed.

The results of the experiments using synthetic image pairs showed that, using the
proposed JPLSM scheme, the rms difference in magnitude and orientation of the
resultant displacement field was reduced from 4.7 pixels and 19° (determined using
relaxation labelling method) to 2.2 pixels and 9°. Especially the accuracy of the vectors
in the areas of strong velocity gradient variation were improved. In the MCC method
and the relaxation labelling method, the vector field in the areas of strong velocity
gradient variation were over-smoothed due to the use of a large template in the

correlation computation. The use of the smaller, flexible and jointed patches resolves
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the bi-linear deformation of the SST patterns, and significantly reduced such over-

smoothness.

In the JPLSM refining process, the patches of the entire grid are integrated as a single
flexible template (i.e. like a rubber sheet). Therefore, the contextual information could
be conveyed among the neighbouring patches, and the strength of the inter-patch
structure (the smoothness constraint) and the intra-patch structure (the incompressibility
constraint) were controlled by varying the weight of the corresponding constraint
equations based on the condition of the features contained in the patchs. In this study,
the ratio of the maximum eigenvalue and the minimum eigenvalue of the normal
equation of each independent patch, A,u/Amin,, Was used as the measure of the
condition of features contained in the patch. The experimental results show that, under
the condition of images used in the tests, the maximum A,/ A, 1s less than 2,000, that
the displacement vectors at the inner grid point could be well estimated using a very
small weight for the smoothness and incompressibilty constraints, while, relatively
larger weight were needed for the constraints related to along-edge and at-corner grid
points to strengthen the network structure. By adjusting the weights of the smoothness
and incompressibility constraints according to the feature condition, the imperfection of

the constraints were controlled.

The study in Chapter 7, also discussed the inherent relation between the least squares
matching and the inverse model method in the application of displacement
determination from consecutive AVHRR thermal images. It was illustrated that the
observation equation of the least squares matching (which were derived based on the
similarity of the intensity functions of the consecutive image pair) had the same form as
the differential energy conservation equation (which is a physical law), in the
application of estimation of the velocity field from consecutive thermal images.
Therefore, the proposed least squares matching scheme is an iteratively refining
inversion process. The study further analysed the error due to the use of the differential
form of energy conservation equation over large elementary computational units, and

showed the necessity of using an iterative process with large to small elementary units.
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8.2 Suggestions for Future Study

8.2.1 Suggestions for Detection of Partially Cloud Contaminated Pixels

The algorithm was designed for the detection of point type cloud contaminated pixels.
Although tests showed that the majority of cloud pixels on the border of the bulky cloud
clusters can be detected as point type contaminated pixels with the proposed algorithm,
when the proportion of the cloud contamination of these pixels varies widely, a
complete detection for both point type and edge type partial cloud contamination still
needs further study.

The thresholds used in the proposed algorithm were determined empirically based on
test results. The automated optimisation of the thresholding requires further study. The
empirically determined thresholds resulting from this research may be used to initialise

an automated optimisation process, for example, in a heuristic refining process.

The contextual information remains unused in the proposed algorithm, and this source
of information can be used to improve the detection accuracy in future studies.
Especially, for the detection of the point type clouds located around the edge of bulk
cloud, the contextual relation between the candidate pixel and the detected bulky cloud

cluster can be a valuable source of information.

8.2.2 Suggestions Related to the JPLSM Method

In the proposed JPLSM method, the condition numbers were used to control the
weights of the constraints. However, since noise and undetected cloud pixels are of high
frequency, and contribute to the condition number similar to the high frequency SST
features which are the most traceable features, they can reduce the computed condition
number. The under-weighting for the constraints at ill-condition patch due to these fake
small condition numbers can result in mis-estimate, when the patch does not really

contain sufficient traceable features. Although this case did not occur in the experiment
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under the conditions used, the removal of noise using a 3x3 low-pass filter (as was
applied in the tests), and the use of a consistent check after each iteration are suggested

to prevent the inconsistent estimates due to the effect of these fake small condition

number.

The search strategy used in the proposed JPLSM method is much more efficient than
the brute force search of the MCC method. However, the inversion of the large normal
equation made the proposed JPLSM method still quite computational time consuming.
The computational efficiency of the inversion may be significantly improved by using

array algebra [see Rauhala 1980 for example], or nested dissection [George 1973].
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