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Abstract

One of the main limitations to current wave data assimilation systems is the lack
of an accurate representation of the structure of the background errors. For ex-
ample, the current operational wave data assimilation system at the Australian
Bureau of Meteorology (BoM) prescribes globally uniform background error corre-
lations of Gaussian shape with a length scale of 300 km and the error variance of
both the background and observation errors is defined to be 0.25 m2. This thesis
describes an investigation into the determination of the background errors in a
global wave model. There are two methods that are commonly used to determine
background errors: the observational method and the 'NMC method'. The obser-
vational method is the main tool used in this thesis, although the 'NMC method'
is considered also.

The observational method considers correlations of the differences between
observations and the background, in this case, the modelled Significant Wave
Height (SWH) field. The observations used are satellite altimter estimates of
SWH. Before applying the method, the effect of the irregular satellite sampling
pattern is examined. This is achieved by constructing a set of anomaly correla-
tions from modelled wave fields. The modelled wave fields are then sampled at
the locations of the altimeter observations and the anomaly correlations are re-
calculated from the simulated altimeter data. The results are compared to the
original anomaly correlations. It is found that in general, the altimeter sampling
pattern underpredicts the spatial scale of the anomaly correlation.

Observations of SWH from the ERS-2 altimeter are used in this thesis. To
ensure that the observations used are of the highest quality possible, a validation
of the European Remote Sensing Satellite - 2 (ERS-2) SWH observations is per-
formed. The altimeter data are compared to waverider buoy observations over
a time period of approximately 4.5 years. With a set of 2823 co-located SWH
estimates, it is found that in general, the altimeter overestimates low SWH and
underestimates high SWH. A two-branched linear correction to the altimeter data
is found, which reduces the overall rnl,s error in SWH to approximately 0.2 m.

Results from the previous sections are then used to calculate the background
error correlations. Specifically, correlations of the differences between modelled
SWH and the bias-corrected ERS-2 data are calculated. The irregular sampling
pattern of the altimeter is accounted for by adjusting the correlation length scales
according to latitude and the calculated length scale. The results show that the
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length scale of the background errors varies significantly over the globe, with the
largest scales at low latitudes and shortest scales at high latitudes. Very little
seasonal or year-to-year variability is detected. Conversely the magnitude of the
background error variance is found to have considerable seasonal and year-to-
year variability. By separating the altimeter ground tracks into ascending and
descending tracks, it is possible to examine, to a limited extent, whether any
anisotropy exists in the background errors. Some of the areas on the globe that
exhibit the most anisotropy are the Great Australian Bight and the North Atlantic
Ocean.

The background error correlations are also briefly examined via the 'NMC
method', i.e., by considering differences between SWH forecasts of different ranges
valid at the same time. It is found that the global distribution of the length scale
of the error correlation is similar to that found using the observational method. It
is also shown that the size of the correlation length scale increases as the forecast
pcriod incrcascs.

The new background error structure that has been developed is incorporated
into a data assimilation system and evaiuated over two month-long time periods.
Compared to the current operational system at the BoM, it is found that this
new structure improves the skill of the wave model by approximately 10%, with
considerable geographical variability in the amount of improvement.
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Chapter 1

Introduction

Ocean wave forecasts from numerical models are essential for many offshore indus-

tries such as fisheries, shipping and the oil and gas industries. Current state-of-

the-art third generation wave models such as the WAve Model (WAM) (WAMDI
Group, L998; Komen et a1.,1994) and WAVEWATCH-III (Tolman, 1991; Tolman

et al., 2002) are generally assumed to incorporate the physics of wave generation

and propagation accurateiy. The main limitation in current operational wave fore-

casting systems is thought to be errors in the wind freids that are used to force

the wave model (Cardone et al., 1995; Cardone and Szabo, 1985; Bauer et aI',

1992; Rogers,2002). Wind forcing fields have seen vast improvements in accuracy

over recent years, due to factors such as increased spatial and temporal resolution

(Cavaleri and Bertotti, 2003), the incorporation of sea-state dependent surface

roughness (Janssen and Viterbo, 1996), and the assimilation of surface wind ob-

servations such as scatterometer data into the atmospheric model (Andrews and

Bell, 1998). Nevertheless, large errors remain in the surface wind fields that are

used to force ocean r,¡¡ave models, particularly in the operational forecasting envi-

ronment.

If any systematic errors in the wind fields (i.e., biases) are known a pri'ori
then these can be accounted for via bias-correction systems (e.g., Tolman, 1998;

Kepert et al., in prep.). However, random errors in the winds are more difficult
to correct. One approach to this issue is to aim to improve the analysed wave

fields via the assimilation of wave data into the numerical wave model. Remotely-

sensed global marine observations are available in near-real-time on a daily basis.

Satellite altimeters, scatterometers and Synthetic Aperture Radars (SARs) provide

1



2 1. Introduction

information on parameters such as Significant Wave Height (SWH), surface wind
velocity and directional wave spectra.

Several forecasting centres around the world run operational wave forecasting
models that routinely assimilate satellite SWH data or more recently, directional
wave spectra. The Australian region is ideally suited for such a system as the land
mass is surrounded by large expanses of ocean for which little or no i,n s'itu wave
data is available. Swell energy arrives at the Australian coast having propagated
over large distances uninterrupted by land. If this swell energy can be properly
adjusted by the data assimilation process, it can have a lasting impact on r'¡/ave

forecasts.

There has been a considerable amount of research into the development of
wave data assimilation svstems in recent years. This research is summarized in
Chapter 2. One conclusion that can be drawn from much of this research is that
the greatest potential for improvement of wave data assimilation systems will come

from the implementation of non-sequential data assimilation methods (see Chapter
2). However, current computational resources at operational forecasting centres
Iimit the possibility of this occurring in the near future.

Another major limitation to current assimilation systems is the specification
of the model (or background) errors. This has not previously been explored to
any great extent for wave models. The major aim of this thesis is to develop an
appropriate representation of the background errors for a global wave model. It
should be noted that accurate specification of the background errors is a require-
ment for both the relatively simple Statistical Interpolation (SI) systems that are
crlrrentlv imnlementecl- in manv forecastins centres- and also for the more comnìexJ.-E---.----.-'-.J------".--.o-'.-"--"7

data assimilation systems that are expected to be implemented in the future.
In Chapter 2, the background to this work is presented. Specifically, previous

work on wave data assimilation is described, including a detailed presentation of
the SI algorithm. Throughout this chapter, the specification of the background
errors is emphasized. Chapter 2 also introduces several methods that have pre-
viously been used to determine the structure of background errors in numerical
atmospheric and ocean models.

The method used in this thesis to investigate the background errors is to con-
sider the differences between wave model output and observations from satellite
altimeters. Before using satellite altimeter data to calculate background errors, it
is important to know if the irregular sampling pattern of the satellite has any effect
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on the results. This issue is addressed in Chapter 3. In Chapter 4, a validation
of the European Remote Sensing Satellite - 2 (ERS-2) Fast Delivery (FD) SWH

data is performed, in order to ensure that the observations used are of the highest
quality possible. This also provides some information on the error characteristics

of the ERS-2 SWH data.

Chapter 5 contains the major results of this thesis. In this chapter, the con-

clusions from Chapters 3 and 4 are applied in order to determine the structure of
the background errors in a global wave model. Speciflcall¡ modelled wave fields

from a version of WAve Model (WAM) similar to that currently implemented

at the Australian Bureau of Meteorology (BoM) are compared to the ERS-2 FD
SWH observations over a four-year period. Background error correlations are also

caiculated using an alternate method (the 'NMC method') in Chapter 6.

In Chapter 7, the new structure for the background errors that has been de-

veloped throughout the thesis is implemented in a data assimilation system. The

resulting wave forecasts are compared with those from a control run to determine

whether the new background error structure has added any skill to the wave fore-

casting system. Finally, a summary and conclusions are presented in Chapter

8.





Chapter 2

Background

The fleld of data assimilation, or more generally, the idea of objective anaiysis has

a long history and it has been a field of active research, at least in meteorology,

since the 1940's (Panofsky, 1949; Gilchrist and Cressman; 1954). It is infeasible

to present a complete history of objective analysis in this thesis. Therefore, only
previous work on data assimilation in the field of wave modelling is presented. A
review (up until 1994) can also be found in Komen et al. (1994). Techniques â,re

of course borrowed from the related fields of oceanography and meteorology, and

these will be presented and described where relevant.

2.I Previous .Work

Data assimilation techniques can be broadly divided into two classes: sequential

methods and non-sequential methods. Sequential methods, also called 'single-
time- level' methods, combine observations made up until the time of the analysis

and update the model solution without reference to the model physics, although

balance contraints may be used in meteorology. Current operational wave data
assimilation systems at, for example, the European Centre for Medium-Range

Weather Forecasts (ECMWF), the BoM and Fleet Numerical Meteorology and

Oceanography Center (FNMOC) use the sequential method of SI to combine first-
guess wave model fields with the observations to obtain analysed wave fields.

Non-sequential methods, on the other hand, use the model dynamics explicitly
in the assimilation process, and 'future' observations are used to derive the model

analysis, for example in re-analysis exercises. Four-Dimensional Variational As-

5



6 2. Background

similation (4D-VAR) is an example of a non-sequential method. Non-sequential
techniques are considerably more computationally expensive than sequential tech-
niques and this has prevented them from being implemented in operational wave

forecasting systems to date. However, several studies have investigated their po-
tential and these are described below.

z.L.L Sequential Methods

Early attempts at sequential methods to assimilate SWH were made by Thomas
(1988) and Esteva (1988). Thomas (1988) proposed updating the full wave spec-

trum with buoy observations of SWH and wind speed. Using a method to conserve

the wind-sea age predicted by the wave model, wave energy was redistributed be-

tween wind-sea and swell while the total wave energy was adjusted. Energy was

adjusted only at the location of the observations, i.e., information rù/as not spread

to neighbouring model gridpoints. Despite this, significant improvements in model
skill were found, indicating the promise of future operational assimilation systems.

Foreman et al. (7994) applied this scheme to European Remote Sensing Satellite
- 1 (ERS-l) SWH data in a global second-generation wave model, with generally
positive results.

Esteva (1988) used SeaSat SWH and adjusted the model spectrum by a con-

stant scaling so that its S\ /H matched the observed SWH. Results showed a pos-

itive impact on model skill. For one experiment, the influence of the observa-

tions was spread to surrounding model gridpoints by preserving local slopes in the
modelled SWH. However, this technique proved to be very sensitive to incorrect
geographical placement of regions of high and low SWH and so was abandoned

in favour of a simple replacement scheme. Bauer et al. (L992) describe a similar
experiment, assimilating SeaSat SWH into the WAM model. For each observation,
the modelled wave fields were adjusted up to a distance .L around the observation
point with a weighting factor:

w:1-.R (2.1)

where r is the distance from the observation to the model gridpoint and -L is a

length scale. Experiments were carried out using two values of .L: 9o and 15o,

these values being chosen such that most of the model grid points received some
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impact from the altimeter SWH measurements within a one day sampling period.

Considerable improvement in the modeiled wave fields was found, particularly in
regions dominated by swell.

In Janssen et al. (7989), an assimilation experiment is described in which both
wave and wind fields are updated. The obvious advantage of assimilating the
wind speed concurrently with the SWH is that the wind-sea portion of the wave

field will not relax back to levels corresponding to the uncorrected wind forcing.

Altimeter observations of SWH were averaged over a 3o by 3o box surrounding

each model gridpoint and wave height and wind freld adjustments were spread to
the four adjacent model gridpoints. The wave spectrum \¡/as adjusted in a manner

similar to that in Thomas (1988), i.e., by partitioning the spectrum into swell and

wind-sea, updating the swell spectrum maintaining its shape and updating the

wind-sea using JOint North Sea WAve Project (JONSWAP) relationships. It was

found that the assimilation \Mas successful in producing reaiistic analysed wave

frelds, although the information was retained in the model for only about a day.

One drawback to these early studies was that in most cases, it was necessary

to assume that the modelled ratio of wind-sea energy to swell energy was correct.

Flancis and Stratton (1990) used altimeter wind speeds to provide information
on the distribution of energy within the wave spectrum. In addition, a successive

corrections approach was taken, which allows data to be inserted into the model at

their correct times, as opposed to assuming that all observations within a particular
time-window are simultaneous. The information from each observation was spread

over a region of neighbouring model gridpoints using an exponential spreading

function:

-I

¡;(r) : exp
T

(2.2)
L

where r is the distance to the model gridpoint and L is a length scale. A value

of 1200 km was obtained for L by calculating correlations of SWH from wave

measurements in the North Sea during one winter season. In addition, vaiues for
the model root-mean-square (rms) error ruere determined by evaluating the rms

difference between analysed wav-e fields and l2-hour forecast fields valid at the
same time. This provided an estimate for the background rms error that varied

significantly with location. This method was shown to produce a significant impact
on modelled wave fields that was retained for several days.

In Lionello et al. (L992), SWH data from SeaSat and GEOdesy SATellite
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(GEOSAT) were assimilated into the WAM model. This was the first work to
document SI as a method to construct analysed wave fields, although it had been

in use in Numerical Weather Prediction (NWP) previously (Lorenc, 1981). As it
is relevant to the remainder of this thesis, the SI algorithm is described here.

At each model gridpoint, i, the analysed (corrected) SWH, H|n, is expressed

as a linear combination of the frrst-guess predictions from the model, Hi, and the
ERS-2 SWH observations, Hro6",

llo¡"
HZn: H| + oþDWot

o'o: < (H; - Ti)', >

(2 3)
j:I

l/oa" is the number of observations and oo is the model prediction rms error , i.e.,

(2.4)

where 7 is the true SWH and < ... ) is the expected value. Throughout this thesis,

the terms 'first-guess', 'predicted' and'background' will be used interchangably to
describe Hi,. The weights (W¿¡) arc chosen to minimize the rms error of the analy-
sis. Assuming that the errors in the model are not correlated with the measurement

errors, the weights are therefore given

No¡t

14/Ø : I P,nMl¡t (2.5)
À,:1

where the matrix M is

Mkj -- P*¡ I on¡ Q 6)

P and O are called the error correlation matrices of the model prediction and

observations respectively and must be specified. They are symmetric ly'o6"rÄIo6"

matrices where the element (k, j) of matrix P is given by

,, < @Í - r\(Hl - ri) >I'nj:Ë (2'7)

In other words, the value of element (k, j) of matrix P is the correlation between the
model error at observation location le and the model error at observation location
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1. Similarly element (k, j) of matrix O is given by

Onj: < (H!r" - r*)(Htr" - Ti) >
(2.8)

oJ,p

If P and O are known precisely, then the weights are optimal and W¿¡ does

indeed minimize the rms error of the analysis. In that case, the technique is known

as Optimal (or Optimum) Interpolation. However, in practice, P and O are not

known exactly as they represent the difference between the model (or observation)

and the unknown truth. For this reason, the term Statistical Interpolation (SI) is
used here.

The dominant sources of error in aitimeter estimates of SWH arise from ran-

dom interference of the altimeter signal caused by reflection from a rough surface

(Monaldo, 1983). The observational errors for the ERS-2 data can therefore be

assumed to be spatially uncorrelated and O reduces to a diagonal matrix with
values of

oxn :<(Hh"-Tr)') _o1u" (2.e)
oÊ"Ë ol

along the diagonal. P¡r¡, on the other hand zs horizontally correlated and is more

difficult to specify. The determination of. P¡,¡ is the main aim of this thesis. It will
mainly be referred to as the background error correlation matrix.

Lionelio et al. (1992) set P¡¡ to be isotropic and homogenous and to have the
form: Pnj:"olryl lrtot

where .L is the decorrelation length scale and lrn - ,¡l is the distance between the

points k and j. Several values were explored for .L ranging from 1 to 10 model

gridpoints, where the model resoiution was 3o. Results generally improved as .L

increased, but tended to saturate f.or L > 15'. P¡¡ lor L : I5o at a latitude of
45"N is shown in Figure 2.1.

The wave spectra were adjusted using a method similar to that in Janssen eú

al. (1989). However, instead of maintaining the shape of the swell spectrum, its
steepness was maintained, and thus the dissipation and energy transfer within the

swell spectrum were unchanged. Using this method, the information provided by

the observations remains in the wave model for much longer periods.

This method has been applied in several regional studies. Lionello et al. (1995)

oþ
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Figure 2.1: Some example functions used for the background error cor-
relations at mid-latitudes.

performed a month-long global operational experiment, assimilating ERS-I SWH
into the WAM model. As suggested in Lionello et aI. (1992), .L was set to be
15o. It was found that compared to buoys in the northern hemisphere, a small
improvement in overall model skill was detected, although the effects of the as-

similation were not spatially homogenous. Mastenbroek et al. (I99Q assimilated
ERS-I SWH into the WAM model over the Norwegian Sea. In this study, the
shape of the background error correlations wâs described with an auto-regressive

function, as opposed to the exponential decay used in Lionello et al. (1992), so

that:
Pn¡ (2.tr)

,L was set to be 1.8 model gridpoints, where the spatial resolution of the model was

approximately 75 km. This study found that the assimilation could substantially
reduce the bias in modelled SWH in areas of high SWH, but did not reduce the
standard deviation. Another regional study based on this technique to update the
wave spectrum is described in Breivik and Reistad (1994), where ERS-1 SWH was

assimilated into a second-generation wave model over the North, Norwegian and
Barents Seas. A successive corrections method was used and the background error

Lionello et ol (1992)

Breivik ond Reistod (1994)

Greenslode (2001 )
Voorrips et ol (1997)
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correlations were defrned as:

I tl-. --.121Pr,j : exp l-; Y+l çz.tz¡
lLul

Breivik and Reistad (1994) suggested that L would be of similar scale to that of
the wind fields in the atmospheric model, so it was set to be 200 km, decreasing

to 40 km over 5 successive iterations. This background error correlation function
is shown (for the initial 200 km value) in Figure 2.1.

Many of the global experiments described above have found that the greatest

impact of wave data assimilation is in the southern hemisphere (Janssen eú ø1.

(1989), Fbancis and Stratton (1990), Lionello et al. (7992)). The reason for this is
most likely to be because of the lower quality of the wind fields. This, in turn is
probably because of the lower number of atmospheric observations in the southern

hemisphere due to the higher proportion of ocean surface to land. There have been

a few studies of wave data assimilation specifically for the Australian region.

Young and Glowacki (1996) applied an SI method to assimilate GEOSAT data
into a second-generation wave model over the Tasman Sea. In this work, the

background errors were defined to be the same as in Equation2.L2 with the length

scale set to 350 km. Over a one month hindcast period, it was found that the

assimilation obtained a subtantial improvement in model performance when model

S\ /H r'¡/as compared to GEOSAT data that had not yet been assimilated.

Bender and Glowacki (1996) applied the method of Lionello et aI. (1992) to
a version of WAM (AUSWAM - see Appendix A). As in many other studies, SI

was used to spread GEOSAT SWH observations onto the model grid. Background

errors were defined as in Equation 2.10 with.L: 350 km. A dramatic impact of the

assimilation \',/as found, with the rn'ùs error being reduced by almost 50%. However,

there v/ere several limitations to this study. Results were validated against just
one wave-rider buoy (on the west coast of Tasmania), wave forecasts were not
considered and the wind forcing used was 12-hourly ECMWF wind fields at 2.5"

spatial resolution. It is expected that for flner resolution wind fields on a frequency

higher than 12 hours, the wave fields would be more accurate and data assimilation

would not produce such a dramatic improvement.

Greenslade (2001) extended this work and performed a similar experiment over

the Australian region. P¡"¡ wa,s defined as in Equation2.72 (not Equation 2.10 as

stated incorrectly in Greenslade (2001)). Values of 300 km, 500 km and 700 km
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were tested for ,L, and results r'¡/ere evaluated at a number of buoys around the
Australian coast. .L : 300 km provided the best results in this study and this
structure f.or P¡¡ is shown in Figure 2.1.

The techniques described above to assimilate SWH data are all limited by the
fact that SWH is an integral parameter of the wave spectrum, i.e., no information
on rü/ave direction or the distribution of energy over different frequencies can be

deduced from SWH alone. Directional wave information is often available from
directional wave rider buoys, and with the increasing acceptance of the SAR as a

wave observing instrument, full wave spectra can be obtained from satellite-borne
SARs. A sequential method to assimilate directional wave information is described

in Hasselm ann et al. (L997). The technique involves representing each wave system

in a spectrum by a few basic pararneteLs, such as SWH, rrlean direction and mean

frequency. A generalizaLion of the SI scheme in Lionello et aI. (1992) is then
applied to each wave system. This technique was applied to ERS-I SAR data in
the North Atlantic. The length scale used was 200 km, to allow for the smaller
correlation scales of the intense low-pressure systems with which the authors were

most concerned. Wind field corrections obtained from the algorithm of Lionello
et aL (1992) were combined with the first-guess wind fields via SI to produce
analysed wind fields. The correlation scale for this step was reduced to 50 km and

only applied to neighbouring gridpoints.

Voorrips et al. (1997) adapted the method and assimilated wave spectra from
pitch-and-roll buoys into WAM over the North Sea. The spatial correlation struc-
ture of the background error for total \ryave energy (E : SW H2 176) *u. estimated
by considering differences between the model forecast at 24 hours and the model
analysis over a 2 month period. (This is a version of the 'NMC method' - see

Section 2,2.2). The most appropriate correlation structure was found to be:

Pni:*,f_ (ry)r) (2.13)

with ,L : 200 km. This is shown in Figure 2.1. It was found that this method
provided a considerable improvement in the wave analysis compared to a method
that assimilated SWH and mean period only. Drnlap et aL (1998) assimilated
ERS-1 SAR wave spectra into WAM over the northwest Atlantic. SI was not used,

but the observations v¿ere spread over a region-of-influence, r3, identical to that
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used in Bauer et al. (1992),i.e., Equation 2.I. ln this case, the weighting factor
was slightly different and was given by: w: e-R.It was argued that two distinct
length scales should be used: a shorter one corresponding to wind-sea systems and

a longer one for swell. A compromise of ,[ : 500 km was used.

Breivik et aI. (7998) performed a study assimilating SAR spectra into a second-

generation wave model over the North and Norwegian Seas. The successive correc-

tions method of Brievik and Reistad (1994) was used. Since full wave spectra were

assimilated, the background error correlation function was defined as a function of
wave frequency, /

(2.14)

Breivik et al. (7998) determined .L for SWH empirically by considering co-located

model and altimeter SWH estimates over a 4 month period. The domain consid-

ered covered the North, Norwegian and Barents Seas and the west Atlantic. The

length scale for SWH was found to be 200-250 km. It was then assumed that
the spatial scale of errors in the energy spectra was similar to that of the errors
in SWH. In addition, the length scale was defined so that long-wave information
from the observations influenced a larger area of the analysed field than shorter

waves. I(/) was thus defined to range from 300 km for f : 0.04 Hz to 60 km for

f : 0.24 Hz'

Another method that is gaining popularity in meteorology and oceanography

is the Kalman Filter (Fukimori and Malanolle-Rizzoli, 1995; Bouttier, 1995). A
major advantage of this method is that the error statistics of the model are calcu-

Iated dynamicaliy by propagating them forward in time. This avoids the problem

of having to specify them explicitly. Voorrips eú ø1. (1998) applied the Kalman
Filter approach to WAM for several simplified cases over a small domain. This
study demonstrated the potential positive impact of the method. However, the
extensive computational resources required suggest that operational implementa-

tion of Kalman Filtering techniques for wave modeis is stiil some distance in the
future.

2.L.2 Non-sequential Methods

With non-sequential methods, for example 4D-VAR, 'future' observations are used

to derive the model analysis. These methods generally require large computing re-

Pr¡(Í)-expl];%#)
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sources, and this has, so far, limited their use in operational environments. How-
ever, various techniques have been developed and successfully applied for simplified
situations. The studies described here are all examples of 4D-VAR techniques, in
which an adjoint model is required. de las Heras and Janssen (1992) studied the
problem of assimilating wind and wave data in a simple coupled wind-wave model
using the adjoint technique. This was extended to the assimilation of wave data
into a single gridpoint version of WAM in de las Heras et al. (1994). This was

shown to provide a signifrcant improvement over the simpler SI approach. de Valk
(1994) applied the adjoint technique to a second generation wave model over the
North Sea. In some cases, wind and wave flelds r,¡/ere successfully corrected in
the vicinity of simulated observations. However, the adjoint technique failed to
recognize simulated wave observations as swell from a distant storm, if swell was

not present in the first guess wave fields.

Bauer et al. (1996) assimilated wave data into WAM via an impulse response

function method. This study sought corrections to wind fields and so background
errors for wind fields rather than wave fields were required. To simplify the prob-
lem, it \Mas assumed that the background errors in the wind fields were spatially
uncorrelated. Holthuijsen et aI. (1997) present a simple variational technique
in which similar simplifications are made, i.e., the errors in the modelled wave

parameters are assumed to be spatially uncorrelated.

Voorrips and de Valk (1999) compared a SI scheme with a variational scheme,

both assimilating the same set of spectral data into WAM over the North Sea. For
the SI scheme, the background errors rü/ere defined as in Voorúps et al. (1997),
i a E-.^ttof in- 9 'l ? E1n. fho rto-ioli^-ol o^Lo-o lha -^cf ftt-¡f inn ¡li.l -^f i-^ltt.lo¡.v. t uYuou¡v¡r sr ¡v. Jur¡vruv. u¡rv uvuu f ¡rv¡uuv

wave model errors, so it was not necessary to specifiy their structure. Suprisingly,
the SI method was found to perform better than the variational method.

In the studies described here a wide range of structures has been used to rep-
resent the background errors. Just a few are shown in Figure 2.1. Some of these

have been ad hoc estimates, others have provided some justification for the choice

of background error structure. All of the studies have assumed isotropy and ho-

mogeneity in the background error structure, with the exception of the studies in
which .L is defined in degrees. This results in a length scale that is larger at lower

latitudes than at high latitudes. To date, there has been no extensive effort made

to determine the spatial scale of the background errors in wave models on a global
basis. A major limitation to current implementations of SI systems and indeed
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potential future systems is the lack of an accurate representation of the model or

background errors.

2.2 Determination of the Background Error Cor-
relations

The background error is, by definition, the difference between the background and

the truth. Of course, the truth is not known, and so other methods to calculate

background error must be sought. There are several methods that have com-

monly been used to determine the background error correlations in meteorology

and oceanography. These are described below. Two of these methods are used in
this thesis: the observational method and the 'NMC method'.

2.2.L The Observational Method

The observational method has the advantage of being a technique that calculates

background errors directly. It can be used to determine both the background error

variance and its spatial structure. This method considers observations from a

Iong-term, dense, homogenous observational network and examines the difference

between the observations and the background field. This method has been used

extensively in meteorology. In particular, many studies have used the radiosonde

networks that exist over the continental land masses.

One of the first of these studies was Seaman (1975), in which radiosonde data

over Australia was used to examine the structure of the wind field. In this work,

a climatological fleld was used as the background. Seaman (1982) again used cli-
matological background fields to examine the spatial correlations of geopotential

and temperature over Australia. Both of these studies found that there rü¡as con-

siderable anisotropy in the spatial structure with the larger zonal component of

the correlation function tilted towards the south-east. Seaman (1982) also demon-

strated some seasonal and geographical variability in the correlation structure.

Hollingsworth and Lönnberg (1936) and Lönnberg and Hollingsworth (1986)

used radiosondes over North America to analyse the structure of the errors in
short-range numerical forecasts of wind and geopotential height. A major advan-

tage of the observational method is that the total error can be partitioned into
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background error and observational error by assuming that the observational errors
are uncorrelated (this is examined in Section 5.2). Hollingsworth and Lönnberg
(1986) showed that the forecast errors in the wind fields'ü/ere comparable in mag-
nitude to the observational errors.

Thiébaux et al. (1986) compared the Canadian large-scale forecast model with
radiosondes in the northern hemisphere. Little seasonality was found but there was

shown to be considerable geographical variability in the correlation structures.
In particular, a strong latitudinal dependence rvas found with the width of the
structure functions for both geopotential height and temperature decreasing with
increasing latitude.

One disadvantage of the observational method is that it can only provide in-
formation on the spatial sca,les of the observationa,l network, and in many cases,

only over limited areas. This is addressed in this thesis by an examination of the
irregular sampling pattern of satellite alimeters in Chapter 3. Sampling error can
also be a major issue with the observation of 'waves. This is discussed further in
Chapter4.

2.2.2 The 'NMC Method'
An alternative method to estimate the background errors is to examine the differ-
ence between model forecasts at different ranges valid at the same time, using the
shorter range forecast as the validation. This method has been used to examine
background errors in NWP systems at several forecasting centres. It was first given

the name the 'NMC method' in Rabier et aL (1998) for the reason that the first
authors to document it were Parrish and Derber (1992) who were based at the
then United States (U. S.) National Meteorological Center (NMC) (now National
Centers for Environmental Prediction (NCEP)).

The basis for the method is to calculate statistics of the background error by
considering differences between pairs of forecasts of different ranges (..g., u 48-hour
forecast and a 24-how forecast) valid at the same time. In the first application
of this method (Parrish and Derber,1992),24-hour forecasts were compared with
modcl analyscs valid at thc same time over a period of 30 days. The forecast error
variance over 24 hours could therefore be determined. This was then empirically
scaled to convert the variances to values representative of the 6-hourly interval at
which data assimilation was performed. No attempt was made to examine directly
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the spatial structure of the modei errors using this method.

Rabier et al. (1993) adapted and extended the method by considering the

differences between 48-hour forecasts and 24-hour forecasts. It was noted that
although the choice of forecast fields used is fairly arbitrary, there are certain

advantages in using the 24-hour and 48-hour fields. Firstly, the use of. lhe 24-

hour field as the verifying field avoids issues involved with using the analysis.

For example, there may be problems associated with spin-up which is present in
the forecast divergence, but not in the actual errors. In addition, the 24-hour

difference between the forecast periods is long enough so that the forecasts are

not too similar and short enough so that the results will still be applicable to the

desired 6-hourly time period, i.e., it is stiil within the linear error grorù/th regime.

Both error variances and correlation scales were considered in Rabier et al. (7998).

It was shown that results using this method compared reasonably well to results

using other methods, for example, the observational method (Hollingsworth and

Lönnberg, 1986).

Other authors to have used this method to determine background error statis-

tics for atmospheric systems include Steinle et al. (1995), Desroiziers eú ø1. (1995)

and Ingleby et al.(1996).

There are some advantages to the'NMC method' over the observational method.

These are mainly related to not having to rely on the availability of a high quality
observational dataset. The method uses only model output which is generally on

a regular grid, so there is no need to take the irregular sampling of observations

into account, such as has been done here in Chapter 3. The method is relatively

straightforward and easy to apply and information on the background errors can

be obtained in all directions, on all spatial scales (larger than the resolution of

the model grid) and at all iocations. In addition, it provides the opportunity to
examine the error structure of fields that are difficult to observe, for example,

humidity.
However, there are limitations to its application. The assumption that the

model analysis represents a close approximation to the true field can be hard to
justify. For example, if data assimilation is included in the fields being examined

then observations are being inserted into the model with a specifrc spatial scale.

There is the possibility that this will then influence the results. In the case of
SWH fields, even if no \ /ave data assimilation is used in the model analysis, the
analysed S\\iH may be corrupted by the use of imposed correlation length scales

77
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in the assimilation process within the atmospheric model which is used to provide
wind frelds to the wave model. This can be minimised by using a longer range
forecast (e.g. a 24-hour forecast) as the validation. However, in this case it is

not really forecast error (the difference between the forecast and the 'truth') that
is being examined, but forecast divergence (the difference between two forecasts).

The inherent assumption that the structure of the forecast divergence is similar to
that of the forecast errors is also difficult to justify. If the structure of the forecast

errors varies little over the time range being examined, then this is a reasonable

assumption, but in the case of SWH, the long-term swell component of the wave

freld can complicate the situation substantially.

There are some further methods that may be used to estimate background
errors. These methods are not used explicitly in this thesis, so specific details of
the methods are not listed. However, an overview of the techniques and previous
related work is mentioned here for completeness.

2.2.3 Ensemble Methods

Ensemble forecasting systems are currently run at many operational NWP cen-

tres. It is well known that small errors in the initial conditions of a forecast can
potentially grow rapidly and affect predictability. Ensemble prediction aims to
provide an estimate of the probability of different forecast states. Typically, small
perturbations are added to the observations to produce an ensemble of initial
conditions. These are then propagated forward in time to produce an ensemble
nf fnrenqqts r¡¡hinh nnn hp cnclr¡qpd tn dotprrninp thp nrnhqhilitrr rrf e nqrfinrrlqr

forecast occurring.

There are several ways in which data assimilation systems can utilize the in-
formation provided by ensemble prediction systems. The spread of an ensemble of
short-range forecasts can be analysed to calculate spatially and temporally varying
background error statistics. In this way, a flow-dependent background error corre-
lation matrix can be produced. This technique forms part of the ensemble Kalman
Filtering method and has been investigated by Evensen (1994) and Evensen and
Van Leeuwen (1996) for the case of data assimilation into a quasi-geostrophic ocean

model. Houtekamer et al. (1996) applied the technique to a global atmospheric
model, comparing the resulting statistics to those obtained via the observational
method. Pt et al. (1997) showed that NWP forecasts could be improved in a
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cost-effective manner by including a background error structure that varied on

a day-to-day basis according to the perturbations that are applied to the initial
conditions of the ensemble system.

The method currently usecl at ECMWF to estimate background error statistics
for the NWP system is to run a set of independent analyses. The observations

included in each analysis are perturbed by adding random noise. The differences

in the analyses are then propagated forward in time as differences in the back-

ground fields. After time, the statistics of the differences between background

fields become representative of the true statistics of background error (Jakob et al.

2000).

Ensemble techniques could be very useful for wave models. Ensembles could

be produced by perturbing the initial conditions, the wind forcing fields, or by

using forcing frelds from different forecasting centres. The differences between

wind fields from different centres may provide an indication of where the greatest

uncertainties lie. Ensemble techniques are not used in this thesis, but could be a
valuable tool in future studies of uncertainty in wave models.

2.2.4 Spatial Scales of SWH

An alternative, although rather crude method of specifying background errors is to
assume that they are some fraction of the signal (Oke eú a1.,2002). For example,

the background error variance could be set to be an arbitrary fraction of the

climatological variance of SWH, and the background error correlations could be

defined to have the same structure as frelds of SWH. Some authors have considered

spatial correlation scales of S\MH, but without the intention of incorporating the

information in a data assimilation system. These studies have some relevance to
the work in this thesis and so are described here.

Queffelou (1983) used 25 days of SeaSat SWH in the North Atlantic to in-

vestigate the spatial scales of areas of high SWH. It was found that the distance

over which SWH was greater than 50% of the maximum SWH in a storm system

ranged from approximately 500 km to 1000 km. Challenor (1983) also looked at

the SeaSat data and considered the question of how far spatial stationarity could

be assumed. It was found that the mean SWH along a SeaSat track of 2100 km

rvas approximately constant. Both of these studies were obviously limited by the

amount of data available from the SeaSat mission.
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Tournadre (1993) studied the temporal and spatial variability of SWH using
GEOSAT data and 'in s'itu observations from locations in the North Sea and the
equatorial Atlantic Ocean. The mean duration and length of stationarity were
shown to be more than twice as large for the equatorial location (7.3 hours and 189

km) as for the North Sea location (2.S hours and 63 km), reflecting the dominance
of large-scale swell in the equatorial Atlantic and the dominance of wind-sea in the
North Sea.

Of the four methods described in this section, the observational method will
be the main tool used in this thesis although the 'NMC method' will also be

used. Satellite altimeters can provide a comprehensive global long-term network
of wave observations. Before using the altimeter data, it is necessary to determine
what effect, if any, the irregular sampling pattern of the satellite has on the error
calculations. This is addressed in the next chapter.



Chapter 3

The Effect of Altimeter Sampling
Patterns on Estimates of
Background Error Correlations

In this thesis, error correlations will mainly be determined via the observational

method (described in the previous chapter). Specifically differences between model

forecasts and observations will be considered. Highest quality wave observations

generally come from wave-rider buoys or platforms which are fixed in space. How-

ever, the spatial distribution of buoys is extremely poor - for practical reasons

they are generally located in coastal regions and so it is difficult to obtain any

information on the spatial error correlation structure from buoy data. This lack

of a long-term observational network with reasonable space-time sampling charac-

teristics over the ocean means that it has been difficult in the past to apply the

observational method within the fields of oceanography or marine meteorology

However, satellite altimeters now provide a comprehensive global long-term net-

work of wave observations which can be used to determine the correlation structure
of the background errors in a wave model. Before using the altimeter data, it is

necessary to determine what effect, if any, the irregular sampling pattern of the

satellite has on the error calculations.

This is achieved by first calculating a set of synthetic error correlations from
modelled wave fields. The modelled wave fields are then sampled along simulated

altimeter ground tracks, the error correlations are re-calculated from this simulated

altimeter data and the results are compared to the error correlations of the full

2l
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modelled wave fields.

The background error correlation matrix in Equation 2.7 can be expressed as

the spatial error correlation between two points, j and k, i.e., (Daley, 1991):

Rjr: (o¡-B¡)(or-nn) : P(r,0) (3.1)
(o¡ - B) (ox - Bn)

where p is the error correlation as a function of great circle distance, r, and angle

d, the overbar represents a time-average, O¿ are 'observations' and B¿ represent the
background values. The actual fieids used for these variables depends on which
method is being used to determine the error correlations.

3.1 Anomaly Correlations from Modelled Wave
fields

In this section, the development of a set of simulated background error correlations
from modelled wave fields is described. The wave model used here is Australian
WAve Model (AUSWAM), described in Appendix A. For the modelled wave fields
used in this chapter, the wave model was implemented at 0.5o spatial resolution
globally. Only wave model hindcasts are used here. These are modelled wave fields

which have been forced by surface winds obtained from the data assimilation cycle

of the atmospheric model. However, no wave data assimilation is used in the
construction of the modelled wave fields in this chapter. Fields of integrated wave

parameters (e.g. SWH) are archiveci every 6 hours.

3.1.1 Correlation Computations

Details of how the spatial correlation function (fr¡¿ in Equation 3.1) is calculated
are presented here. The time period and domain over which R¡n is calculated needs

to be specified. A range of domains and time periods was initially examined. Time
periods considered ranged from 1 month to 72 months, and the spatial domains
considered were boxes with side lengths of 10o, 20o and 30o in longitude and
latitude. The size of the domain can play an important role, because fields of
SWH are typically not homogenous over the ocean. Generally, the larger the area

considered, the larger the length scale of the correlation. This is examined in more
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detail in Section 3.3.2. On the other hand, on time scales of weeks to months, the

SWH signal can be assumed to be stationary, so the time period chosen has less

of an impact on the correlation functions than the box size. The selected time
periods and box sizes were partly dictated by the altimeter sampling pattern.

The time period chosen needed to be long enough so that at any location,

there were several repeat observations from the altimeter. It was also desirable

to have it short enough to enable detection of any seasonality in the correlations.

Thus a time period of three months was chosen for the majority of the correlation

calculations. The spatial dimensions of the box needed to be large enough so that
prior and subsequent altimeter ground tracks could be used (this is discussed in
detail in Section 3.2.1). However, the motivation for this work is data assimilation

and in data assimilation processes, one is most interested in what happens at

small spatial scales. A box size of 20' in latitude and longitude was found to be

the best compromise between these two requirements. For the remainder of this

chapter, the'domain'refers to a 20o box in latitude and longitude, unless otherwise

specified.

For each pair of gridpoints j, k within the domainl R¡¡ was calculated according

to Equation 3.1. Model errors are simulated by using the 3-month model clima-

tology as the background freld and using the individual 6-hourly modelled wave

fields within that time period to represent realisations of that field. Therefore, in
Equation 3.L, Oi are the 6-hourly modelled SWH values and B¿ are values of the

model climatology, i.€.,
I ¡r¿

Bu:d - -'- DOn(t) (3.2)
J Yt ú=1

where lú¿ : the nurnber of 6-hourly model fields within the 3-month time period.

In addition, the great circle distance, r (km) and 0, the great circle bearing (angle

in degrees clockwise from North) between points j and fr are calculated. It can be

seen that the 'model errors' considered here are in fact anomalies from a 3-month

climatological average. So the simulated background error correlations considered

in this chapter are actually anomaly correlations, and will be referred to as such

for the remainder of this thesis.

The anomaly correlation functions, p(r, d), were then averaged into bins of 1

km radius and 1o angle. Figure 3.1(a) shows an example of the anomaly correlation
for a box of size 20" by 20o centred ai (60'W, 0'N) (see Figure 3.2) for the three-

month time period 1 July - 30 September 1998. Note that by definition,, R¡n - Rxj
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Figure 3.1: Anomaly correlation function for a box of size 2O' by 2O'
centred at (60'E, 0"N) (see Figure 3.2) for the three-month time period
1 July - 30 September 1998 (a) using all model grid points and (b) using
every fifth model gridpoint.

and so the function is invariant under a 180" rotation.

As expected, the correlations are highest at short distances and decay towards
Ionger distances. This behaviour can be interpreted as follows. Consider a model
gridpoint within the domain. Assume that at this gridpoint, at a particular time,
the deviation in SWH from the model climatology is large. Then firstly, and most
obviously, it can be seen that the SWH at points close to this gridpoint is also

likely to deviate strongly from the climatology, whereas SWH at points further
away is less likely to deviate strongly from the climatology.

For this particular region, the decay in the correlation function is slower in
the zonal direction than the meridional direction, i.e., correlations are larger in
the east- st direction than the north-south direction. Flom this elongated shape
of the correlation function, it can therefore be seen that a gridpoint r km to the
east or west is more likely to have a large deviation from the climatology than
a point z km to the north or south. Similarly, if SWH at this gridpoint is close

to the climatology, then points to the east or west are more likely to be close to
the climatoiogical values than points to the north or south. If the climatology
were constant over the domain, then this correlation function would indicate that
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¡
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Figure 8.2: Locations of all the 20o boxes used as examples in this thesis.
Blue boxes are referred to in this chapter, and red boxes are referred
to in Chapter 5. Grid lines in this figure (and in all global maps in this
thesis) are drawn at intervals of 20o in longitude and latitude.

during this time period, the dominant features of the SWH field are elongated in
the east-west direction. There is no information on the direction in which these

features are propagating because all calculations are carried out on instantaneous

frelds, i.e. there is no time-dependent information in the correlations. However,

with the added knowledge that the surface winds in this region during this time

are predominantiy westerlies (Piexoto and Oort, L992), it can be inferred that
the behaviour described above is likely to be due to wave systems in this domain

propagating predominantly in the zonal direction.

To reduce computational time, all further correlations rvere calculated using

only every fifth model gridpoint. This was shown to have little impact on the

results. The equivalent correlation with every fifth model gridpoint used is shown

in Figure 3.1(b). It can be seen that although the resolution here is coarser, and

there is a 'banded' effect in the correlation function, the major features of this plot

are similar to those in Figure 3.1(a).

3.I.2 Fitting to Analytic Functions

The aim of this chapter is to determine the impact of the irregular altimeter sam-

pling pattern on estimates of error correlations. To enabie a quantitative assess-
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ment of this, an analytic description of the anomaly correlation is required. The
calculated anomaly correlations p(r,d) were therefore fitted to analytic functions.
A commonly used function in studies of surface pressure and temperature error
correlations (Julian and Thiebaux, 1975; Seaman, 1982) is:

p(r,0) : (a+cos(a5d) * aa -øa)exp l-41L-'rl (3'3)

where

rl,2 : 12 ( ! ".nr'rg- ø"1 + o,? sin2(0- .,"1\ 13 4l
\oí 

\ ''/ ' '- I ---- \- '-"' 
) 

\"'-l

The justification for including a cosine dependency is that often the temperature
and pressure error correlation functions decay to negative values before returning
to zero at longer distances. For SWH on the scales of interest here, this is not
generally the case, so a simpler form for the correlation function can be considered
by removing the cosine dependancy. In addition, for the time being, the constraint
that p(r - 0) : 1.0 is included. This simplified function is therefore:

p(r,o)- exp l-ql (3.5)
L ûal

with d given by equation (3.4). This results in elliptical contours (which seems

reasonable considering Figure 3.1), with the parameter a1 related to the eccentric-
ity (e) of the ellipses, 02 gives the tilt of the ellipse and ø3 defines a length scale
(or a rate of decay). Specifically

\/T=ê (3 6)

So where the ellipse is a circle, Y : X,e:O,at: L and where the ellipse is highly
elongated, Y > X,e=L and ø1 is large.

The procedure used to find the best estimate for a¿ was the Numerical Algo-
rithms Group (NAG) Fortran library subroutine EO4FYF for finding an uncon-
strained minimum of a sum of squares. In particular,

Y
X

2

is minimized.

F(or,az,as):ä(o?,,á¿) - exp t-*]) (3 7)
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Figure s.3: Best-fit analytic surfaces for the correlation functions shown
in Figure 3.1. The solid line is for the case of all model gridpoints
and the dashed line for the case using every fifth point. Note that the
contour levels of the dashed lines are the same as those of the solid lines.

Figure 3.3 shows contours of the analytic functions which were found to be the
best fit to the correlations shown in Figure 3.1. In this case, the best fit values for
the parameters are shown in Table 3.1. In practice, a,2 càrr be quite large. However,

-1000 0 1000
Distonce(km)

A1 A2 Ag

AII pts
Every fifth pt

1.50 86.0 2168.9
1.50 85.0 2052.6

Table 3.1: Values of the fit parameters a¿ in Equations 3.4 and 3.5 for the
surfaces shown in Figure 3.3.

since it represents a rotation and all correlation functions here are invariant under

a 180' rotation, then a2 = øz * 180. Here, ø2 will always be reduced to the tilt
of the major axis in degrees from N ranging from 0 to 180. Figure 3.3 and Table

3.1 demonstrate that the thinning of the model data by using only every fifth
gridpoint has only a minor effect on the results. For the remainder of this section,
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all anomaly correlations presented are those using every fifth gridpoint.

In addition to the anisotropic (two-dimensional) fitting, the correlations were

fit to isotropic functions. Candidate functions v/ere a Gaussian, equivalent to
equation (2.72) i.e., 

f _*21p(r):*olæ) (3.s)

and a 2nd-order auto-regressive function, i.e.,

p(r) : lt * r) ""p f- " I (3.e)\ ori L atJ

Figure 3.4 shows the same correlations as in Figure 3.1(b) but as a function of
distance alone, along with the best fit isotropic functions. Overall, it was found
that the 2nd-order auto-regressive function was a better fit to the correlations than
the Gaussian, i.e, the mean square error was smaller. For the remainder of this
chapter, only the auto-regressive function is considered.
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Figure 3.4: Isotropic correlations for the same area and time period as
in Figure 3.1(b). The dotted line is the best fit Gaussian curve and the
dashed line is the best fit auto-regressive curve.

The best fit value for the parameter ø1 in this case (i.e., the value of a1 for the
dashed curve in Figure 3.4 was found to be ør : 966 km. This is therefore the
Iength scale, .L, of the model anomaly correlation in this region.
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3.1.3 Regional Effects

Anomaly correlations were calculated as described above for 20o boxes at 10'

intervais over the entire globe for two three-month time periods: 1 July - 30

September 1998 and 1 January - 31 March 1999. Best fits for both the isotropic

and anisotropic cases were determined for each box.

Isotropic Case

Figure 3.5 shows how the isotropic correlation length scale, i.e., a1 in Equation

3.9 varies over the globe for these two time periods. It can immediately be seen

that the length scale varies quite significantly in space. This indicates that the

modelled SWH is not strictly homogenous over the globe, because homogeneity

requires that the mean, variance and correlation, p(r),|:e constant in space.

In Figure 3.5(a), which represents the southern hemisphere winter case, the

longest scales are found in the northern Indian Ocean (Arabian Sea) and in the

Eastern equatorial Pacific. Longer scales impiy that the model deviates from the

climatology on a large spatial scale. This means that areas of anomalously high

or low SWH are large during this time period. The area of long length scales in
the Arabian Sea is associated with the Indian Monsoon. From May to September,

winds in this region blow persistently from the south-west, and so during this time
period, the fetch for this area is relatively long, stretching along the East African

coast. Thus an area of persistently high SWH develops in the Arabian Sea (Young,

1999). The size of the correlation length scales in Figure 3.5(a) refl.ects this.

The shortest length scales (< 500 km) can be seen on the western boundaries of

the ocean basins and also in the Southern Ocean in a band of short scales around

40'S. The short scales in this area reflect the spatial scale of the storm areas that
propagate from west to east along this latitude band.

For the southern hemisphere summer case (Figure 3.5(b)), the length scales

] increase substantially in the northern Atlantic Ocean and the eastern Pacific

(compared to Figure 3.5(a)). It is not entirely clear why this is so. The area of
Iong length scales in the northern Indian Ocean disappears as the winds during
this time period are predominantly from the north-east.
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.+F

-

Figure 3.5: Isotropic anomaly correlation length scale (k*) for modelled
S.WH over the globe for 20o boxes at 10o intervals for (a) the time period
July to September 1998 and (b) the time period January to March 1999.

Anisotropic Case

Figures 3.1 d 3.3 indicate that the anomaly correlation is not always isotropic.
An indication of the anisotropy of a particular correlation function can be obtained
from inspecting just one contour level, since each contour holds the same informa-
tion on the eccentricity and tilt of the ellipse (scc, for example 3.3). Figurc 3.6
shows the 0.5-level contour of the anomaly correlations for each 20o box over the
globe for each time period. Note that the axis length of each ellipse is defined in
kilometres and then plotted on the latitude/longitude grid. This means that the
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differences in the size of the ellipses seen in Figure 3.6 are real and not simply

an artifact of the map projection. The aclvantage of this methorl of presentation

is that the relationships between ellipses in different regions can be highlighted.

On the other hand, it means that it is difficult to correlate the orientation of the

ellipses with geographical features of the ocean basins. The relative size of the

Figure 8.6: O.5-level contour of the best fit anisotropic correlation func-
tion for modelled SWH over the globe for 20o boxes at I-0o intervals
for (a) the time period July to September 1998 and (b)the time period
January to March 1999.

ellipses corresponds well to the isotropic correlation scales seen in Figure 3.5. In
particular, note that the smaliest ellipses for both time periods occur around 40oS

and 50oS, corresponding to the band of short isotropic length scales at these lati-
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tudes. The largest ellipses occur in the eastern Pacific for both time periods and
also in the North Atlantic for Jan - Mar 1999, and in the Arabian Sea for Jul -
Sep 1998. The angle of the eliipses in this region confirms that the structure of
the anomlies is due to the south-westerlies of the Indian Monsoon.

Overall, it can be seen that the anomaly correlations are generally not isotropic.
For Jul - Sup 1998, the most isotropic regions are in the north-west portions of
the ocean basins, and along the southernmost latitude band. \A/here the ellipses
are not isotropic, they are mostly elongated in the east-west direction. In the
northern hemisphere, these are generally tilted towards the northeast. and in the
southern hemisphere, they are tilted towards the southeast. Areas for which the
anomaly correlations are particularly anisotropic are the Indian Ocean to the west
of Australia and the Pacific Ocean to the west of South America. If the background
errors have the same structure as the model anomalies shown here, then this
would have implications for data assimilation schemes which currently use simple
isotropic correlation functions.

Figure 3.6(b) shows a generally similar pattern to that of the earlier time period.
Some major differences are that the western sub-tropical Pacific has increased
anisotropy, and the structure of the correlation functions in the Northern Indian
Ocean is significantly different.

These results show a similar pattern to that remarked upon by Seaman and
Gauntlett (1980). In that work, four studies of the directional dependence of wind
correlation coefficients in different geographical regions were examined. It was

shown that the major axis of the correlation function was rotated towards the
nnrihpqcf in fha nnr*Jrorn ha-io^ho*o o-.1 fha o^rrfl"ooof in fl"o o^,,tl"o-- ì"^-;rrv¡urol/uu¡u DUuurruoou IrI u¡tu ouuulIUIl¡ flultll-

sphere. In the case of SWH anomalies, the directional distribution of the anomaly
correlation functions can be attributed to the predominant direction of propaga-
tion of wave systems in different regions. These in turn are due to the predominant
surface wind patterns. For example, the ellipses in the Pacific Ocean between ap-
proximately 30"N and 30"S tend be aligned with the Thade Winds - the south-east
Tïades in the southern hemisphere and the north-east Tlades in the northern hemi-
sphere. From 40'S to 50"S the ellipses are more zonally aligned, corresponding to
the persistent westerly winds at these latitudes. Altcrnativcly, thc dircctionai dis-
tribution of the anomaly correlation functions could be due to the propagation of
swell. Swell generated by storm systems in the Southern Ocean, for example, tends
to propagate towards the north-east. The ellipses in the south-eastern Pacific and
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central Indian Oceans are therefore generally aligned with their short axes in the

swell direction, and long axes along the 'crests' of the swell systems'

3.2 Anomaly Correlations from Simulated At-
timeter Data

In this section, the ability of simulated altimeter data to obtain the same resuits as

those from the full model data is examined. Altimeter ground tracks (i.e., latitude,

longitude and time) were created for a satellite with altitude approximately 788

km and an orbital inclination of 108". These are the parameters of the GEOSAT

mission. The repeat period of the GEOSAT altimeter is 17.05 days. This means

that within a three-month period, each ground track will be sampled 5 or 6 times.

The orbital period of the satellite, i.e., the time between subsequent ascending

(or descending) equator crossings is approximately 100 minutes. The along-track

spacing of observations was set to be 20 km.

A set of ground tracks rü/as generated for every 20' box and for each of the

three-month periods described above. For each box, the background field (i.e.,

the model climatology) and the 6-hourly model fields were interpolated to the

simulated altimeter observation locations. Bilinear interpolation was required for

the background frelds (two space dimensions) and trilinear interpolation for the

6-houriy model fields (two space dimensions plus time). Figure 3.7(a) shows an

example of a model background field and in Figure 3.7(b) that field is interpolated

to the altimeter observation locations and re-contoured. Model gridpoints and

altimeter ground tracks (all observations within the 3-month tirne period) are

shown. It can be seen that the altimeter data is able to represent the background

fielcls very well.

3.2.L Correlation Computations

The calculation of error correlations from the simulated altimeter data is compli-

cated by the fact that an altimeter dataset represents a time series and few of the

observations can be considered to be simulta,neous'

To calculate a correlation between two observation locations j and k according

to Equation 3.1, there are two criteria that must be satisfied'
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Figure 3.7: (a) An example of a model background field (dots represent
model gridpoints), i.e., a climatological SWH field and (b) the same
field after sampling the model output at simulated GEOSAT altimeter
observations locations (dots) and recontouring.

1. There must be simultaneous observations at each location. This is easily
satisfied for the model fields, but for altimeter data, there are no observations
which are simultaneous. However, simultaneous can be defined as: occurring
within a short enough time period (say, t*o,) so that the field of interest
does not vary significantly. This is discussed further below.

2. Not only must criterion 1 be satisfied, but it must be satisfied more than
once within the time period of interest. If there is only one observation at
each iocation then Æ¡¡ reciuces to the triviai case of Rj,r: 1. This is one oi
the reasons that a time period of three months was chosen, as opposed to a
shorter time period.

The temporal distribution of the GEOSAT altimeter observations within a 20'
box on the earth's surface near the equator is fairly complex. For a 20o box, one

overpass takes approximately 6 minutes. If this is, say, an ascending pass, then the
time to the next observation within the box depends on whether the next ascending
pass falls within the box or not. If it does, then the time to the next overpass is

approximately 100 minutes (i.e., the orbital period). If the next ascending pass

falls outside the box, then the next observation falling within the box will come
from a descending pass. This will occur after the earth has gone through half a
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rotation period (i.e., 12 hours) and so the time to the next observation within the

box will be either approximately 10.8 hours or 12.5 hours.

The combination of the two criteria outlined above and the altimeter sampling
pattern means that if t*o, :15 minutes, then the set of data-pairs between which

correlations can be calcuiated consists of only along-track combinations. This

severely limits the amount of directional information on the correlations. In other

words, there is no information in correlations in the zonal or meridional directions,

but only in the direction of the ground tracks. However, if. t^o* is extended to 2

hours then this allows the inclusion of prior or subsequent same-direction ground-

tracks. This then provides additional information in the zonal direction.

The disadvantage of extending to t*o,: 2 hours is that there is the possibility

that the SWH field will have altered within the 2 hour period, and this may then
corrupt the correlation calculations. Situations in which the SWH field would

be expected to alter the most rapidly are those in which the wind speed and/or
wind direction changes abruptly. The dimensionless time-scaIe, i: grlUn, of the
response of the mean wave direction to a change in wind direction can be expressed

as (Günther et al. 1981):

i: X-ru 2 
1a.tO¡

where ¡ is a constant and the dimensionless peak frequency is ¡u : foUrolg. Obser-

vational studies (see Komen et al. (1994)) have found X to range from 0.12 x 10-2

to 0.57 x 10-2. Using typical open ocean values of lp: 0.L Hz and [/ro : 10m/s,

this gives response time-scales ranging from approximately 5 hours to more than
22 hours. This indicates that 2 hours is a reasonable time period during which it
can be assumed that the SWH freld will not change significantly.

Following Equation 3.1, error correlations, R¡n: p(r,á) were calculated from
the simulated altimeter data for all 20' boxes over the globe at 10o intervals for
both t^o*: 15 minutes and trno, : 2 hours. For these calculations, B¿ is the value

of the model climatology interpolated to the altimeter observation locations, âs

represented in Figure 3.7 and the O¿ are the simulated altimeter observations. The

time average is the average over the number of time-levels for which observations

occur at both locations j and k. These correlations were then fitted to the same

analytic functions used for the model anomaly correlations, i.e. Equation 3.9 for
the isotropic case and Equation 3.5 for the anisotropic case.

Figure 3.S(a) shows an example of the model anomaly correlations and 3.8
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(c) and (e) show the equivalent error correlations for the altimeter sampled case

for the two different values of t^or. The best fit analytic anisotropic surfaces are
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Figure a.a: (a) Model anomaly correlations for a2O" box centred at (70'E,
20'S) (see Figure 3.2) for the time period July to September 1998. (b)
Best fit to the correlations shown in (a). (") Same as (a) but using
data from simulated altimeter ground tracks and calculating correla-
tions with t*o, : 15 minutes. (d) Best fit to the correlations shown in
("). (e) Same as (a) but using data from simulated altimeter ground
tracks and caiculaiing ihe correiaiions with i*o,: 2 hours. (i) Best fii
to the correlations shown in (d).

shown in the bottom panels. The domain for the correlations shown in Figure 3.8

is a 20" box centred at (70"8, 20'S) (see Figure 3.2). Table 3.2 shows the values

of ø¿ for the surfaces shown in the bottom panels.

Consider first the altimeter case with t^o, : 15 minutes, i.e., Figure 3.8 (c)

and (d). The first point to note is that as opposed to the full model anomaly cor-
relations, the correlations using the simulated altimeter data can not be described
well by an elliptical function. The only information on the value of the correlation
function in this case is from along-track data-pairs. There is no information avail-
able on the value of the correlations in the east-west direction. Some basic features
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Model

^Il 
t*o*: 15 min

^It 
t^o*: 2 hrs

a1 a2 A3

7737.t
1679.6
1908.3

r.92
3.46
2.32

723.4
t69.4
L32.2

Table 3.2: Values for the parameters a¿ in Equations 3.4 and 3.5 for the
surfaces shown in Figure 3.8 (b), (d) and (f).

of the full model anomaly correlations are still evident, however. The correlations

are generally higher at shorter scales. In addition, the correlations in the north-

east corner are lorver than those in the south-east corner. This leads to an analytic
function for which the main features are similar to those of the model anomaly

correlations. In particular, the tilt of the ellipse is in the correct direction and

taking a slice from the centre to the top-right corner will lead to a similar decay

rate. (i.e., the contours in that quadrant are in approximately the right place).

However, note that the values for the parameters ø1 and o,2 à,rE both significantly
larger than those of the full model anomaly correlations. This is further indication

of the large differences between the surfaces shown in Figure 3.8 (b) and (d).

Figure 3.S (e) and (f) shows how the correlations change with the inclusion

of subsequent/prior ground tracks, i.e. using t,no* :2 hours. The fitted analytic
function is now considerably closer to the analytic model anomaly correlation func-

tion and this is reflected in the øi values. Although the value of a3 is now slightly
further away from the 'truth', a,1 and a2 àte quite close (within approximately
75%) to those of the model anomaly correlations.

Figure 3.9 shows the equivalent plots for the isotropic fitting along with the

best fit auto-regressive curves. The regular curved pattern seen in the full model

anomaly correlation in panel (a) arises from the use of only every 5th model grid-
point in the correlation calculations. This is analagous to the 'banded' effect seen

in Figure 3.1(b). Note the two distinct tails in the model anomaly correlations,

representing the higher values in the south-eastern quadrant and lower values in
the north-eastern quadrant of the anisotropic correlations. With the t*o*: 2 hour

case, the extra correlation values at large values of r (i.e., correlations between ob-

servations from different ground tracks) are not in general close to those of the

model, but they do force the frtted curve to be closer to that of the full model

anomaly correlation function. This can be seen in the resulting values of ,L (i.e.,
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Figure 3.9: Same as Figure 3.8 but for isotropic fitting. The dashed line
represents the best fit auto'regressive function. (a) Correlations from
model output. (b) Correlations from simulated altimeter data with
t^o,: 1-5 minutes. (") Correlations from simulated altimeter data with
t*o, : 2 hours.

,L (1 km bins) L 10 km bins)
Model
Alt t-or: 15 min
Alt t*or: 2 hrs

I

Table3.3: Isotropic length scales ( L: a1 in Equation 3.9) for the corre-
lations shown in Figures 3.9 and 3.10.

a1 in Equation 3.9) shown in the first column of Table 3.3.

The fitting procedure for the simulated altimeter data was also run with the
correlations averaged into 10 km bins. These are shown in Figure 3.10 and the
resulting values of. L are in the second column of Table 3.3. This produced more
robust results (i.e., the NAG subroutine was more 'confident' of the results). For
the rest of this section, all correlations from the simulated altimeter data were
averaged into 10 km bins before running the curve fitting procedures.

(c
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If it is assumed that the model anomaly correlation length scale is the true
length scale, -L, then here, ,L :692.9. The length scale as obtained from simuiated

altimeter data with t^o, : 2 hours, Latt-2hrt underpredicts the true length scale by

approximately 72%. This is fairly typical and will be discussed further in Section

3.3.

3.2.2 Regional Effects

As in the case of the modelled wave fi.elds, correlations were calculated for all 20"

boxes over the globe from simulated altimeter data for the same 3-month time
periods as considered in the previous section. In this section, only cases with
t^o* :2 hours are considered. The case with t*o, : 15 minutes is important for
later chapters of this thesis and will be returned to in Section 3.3.

Isotropic Case

Figure 3.11 shows how Latt_2hr varies over the globe for the two 3-month time
periods. Comparing Figure 3.11(a) to Figure 3.5(a), it can be seen that most of
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-F

Figure 3.11: Isotropic correlation length scale (k*) over the globe from
simulated altimeter data for 20o boxes at 10o intervals for (a) the time
period July to September 1998 and (b) time period January to March
L999

the main features of the global distribution are evident. In particular, the longest

scales occur in the eastern Pacific and northern Indian Ocean, and a band of short
scales occurs in the Southern Ocean. In addition, the pattern in the Atlantic Ocean
(north and south) is very similar in the two plots.

There are a few obvious differences south of Japan and west of Tasmania. In
these areast Lart-2hr is considerably larger than .L. These two cases are examined
in more detail. Consider first the area west of Tasmania, i.e., the 20" box centred
at (140'E, 40'S) (see Figure 3.2). Figures 3.12 and 3.13 show the anomaly
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Figure 3.12: (a) Model anomaly correlations for a 20o box centred at
(140'E, 40"S) (see Figure 3.2) for the time period July to September
1998. (b) Best fit to the correlations shown in (a). (c) Same as (a) but
using data from simulated altimeter ground tracks. (d) Best fit to the
correlations shown in (c).

correlations and best fits for the model output and for the simulated altimeter data

for this box. Note that this particular 20o box overlaps the coast of Australia, so

for the anomaly correlations (Figure 3.12 (a)), there is no information on the value

of the anomaly correlation for long distances in the north-east direction. Note also

however, that within this box, there is a clear indication that correlations are lower

in the north-east direction than in the south-east direction. (This may in fact be

caused by the shape of the coastline). For the anomaly correlations obtained from

the simulated altimeter data (Figure 3.12(c)), it can be seen that again there are

few data points at long distances in the north-east direction. However, those that
do exist are sufficient to produce an analytic correlation function that is similar

to that of the model anomaly correlations. So the correlation function shown in
Figure 3.12(d) is the best fit to a small number of data points in the north-east
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with low correlations and a much larger number of data points in the south-east
which have high correlation values. However, Iooking at the isotropic correlations
(Figure 3.13), the fact that at long distances there are many more high values
than low values of the correlation results in an isotropic correlation function that
is relatively large at long distances and thus the length scale is over-estimated. It
could be argued that for the full model anomaly correlations, there are also more
high values than low values of the correlation at long distances. However, in the
case of the model, there are more constraining values at intermediate distances.
The altimeter dataset has little information at intermediate distances and so the
curve-fitting is overly influenced by the values of the correlation values at long
distances.

A related argument holds for the area to the south of Japan, i.e. the box
centred at (140"E, 20'N) (see Figure 3.2). Correlations for this box are shown
in Figures 3.14 and 3.15. Although this box does not overlap any land, it can
be seen that the shape of the anomaly correlation function (Figure 3.14 (a)) is
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Figure 3.14: Same as Figure 3.12 but for the 20" box centred at (1-40"E,
20'N) (see Figure 3.2).

quite different at short and intermediate distances (where it is close to isotropic)

and at large distances (where it is not isotropic). The best fit anisotropic func-

tion matches the anomaly correlations better at shorter distances. The best frt
curves in the case of the altimeter data are more influenced by the information at

Iong distances than the anomaly correlations are. Therefore, the anisotropic func-

tion from the simulated altimeter data is anisotropic, reflecting the shape of the

full model anomaly correlations at long distances. Again, the difference between

Latt_2hr and L is due to the relative sparsity of information from the altimeter
data at intermediate scales. (The problem in this case could possibly be alleviated

by considering a more complex analytic function for the correlations, €.8., one in
which the shape varies with distance.)

These two cases could provide an argument for reducing t,no,l,o 15 minutes and

this will be examined in the next section. However, these cases are the exception

rather then the rule - in general, the extra information at long distances provided by

the prior and subsequent altimeter ground tracks serves to improve the estimates

(.)

(b) (d)

v
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Figure 8.15: Same as Figure 3.1-3 but for the 20" box centred at (140"E,
20"N) (see Figure 3.2).

of correlation shapes and length scales.

Figure 3.11(b) is the same as Figure 3.11(a) but for the second 3-month time
period. Again, the main features of Figure 3.5(b) can be seen here. In particular,
the longest scales are in the eastern Pacific and northern Atlantic, while the iong
scales in the northern Indian Ocean disappear. Similarly to the full model anomaiy
correlations, Iength scales in the western Pacific lengthen compared to the earlier
time period. A quantitative analysis of the relationship between the 'true' length
scales in Figure 3.5 and the length scales frorn the sirnulated altimeter data in
Figure 3.11 is given in Section 3.3.

Anisotropic Case

The fitting of anisotropic functions to the correlations from the simuiated altimeter
data is considered in this section. Because of the limited range of angles of the
altimeter sampling pattern one might anticipate difficulties in obtaining functions
similar to those obtained from the complete model dataset. However, it was shown

that by considering t-o, :2 hours, the amount of information available in the
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zonal direction can be increased. Figure 3.16 shows the 0.5 level contour of the

Figure B.lG: Same as Figure 3.6 but for correlations calculated from sim-
ulated altimeter data with t,no,:2 hours. (a) July to September 1998
and (b) January to March L999.

error correlations from simulated altimeter data (using t*o* : 2 hours) for each

20o box. Comparing these with Figure 3.6, it can be seen that there are many

Iocations where the ellipses are very different to the model ellipses. On the other

hand, there are some encouraging similarities between the plots.

Compare the plots for the first time period, i.e., Figures 3.6(a) and 3.16(a).

For both cases, the eastern Pacific has a large number of highly eccentric ellipses.

South of the equator, these are generally tilted in the right direction. Polewards

of 40"N and 40'S the comparison is quite good, i.e., the size of the ellipses is ap-
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proximately correct and they are generally isotropic or more meridionally aligned.

The improved performance of the altimeter sampling pattern at higher latitudes
is partly due to the higher density of observations in these regions, and partly
due to their distribution. The convergence of meridians results in the satellite
ground tracks becoming more east-west aligned at higher latitudes. This means

that at higher latitudes, the data-pairs for the correlation calculations occur over

a much larger range of angles, and so there is more information available on the
correlations in the east-west direction.

For the second time period (Figures -?.6(b) and 3.16(b)) the impact of the
altimeter sampling pattern is very similar in terms of the comparison with the
anisotropic anomaly correlation field.

Ascending and Descending Tracks

Another possible method to obtain anisotropic correlations from the altimeter data
is to examine the along-track correlations from ascending and descending ground

tracks separately. In this section, this possibility is explored. Since only along-

track data is used, the set of data-pairs between which correlations are calculated
within a three month period will be identical whether t^o, :2 hours or t*o, :
15 minutes is used. For each box, a set of correlations exists for the simulated
altimeter data as a function of distance and angle (see, for example, Figure 3.8 (c)).
These correlations are divided into two groups. Correlations between data pairs

along ascending tracks are those for which the angle between the two observation
l^^^¿:^-^:^ -'.^^!^- +L^- 

^no 
O:-:l^-l-- ^^--^l^¿:^-^ ^ì^-- l^^^^-l:-- +.'^^l-^ ^-^IUUiILIUIIS I¡t ËIU¿1,trcl trllilll yU ùIIilIAIryr UUtIUliltrlultù ¿I,IUIIB tlUsUUIrt-trIrB Ll¿l,Ul1,lj il,lU

those for which the angle between the two observation locations is less than 90'.
The 'ascending' angle and the 'descending' angle are defined to be the average angle

between all data pairs within each group. The isotropic fltting procedure is applied
for the correlations between data-pairs along ascending tracks and the correlations
between data-pairs along descending tracks separately (after averaging into 10 km
bins). This produces two length scales, one from data-pairs along ascending tracks
alone: Lo"., a,nd one from data-pairs from descending tracks alone: .L¿""" and two
associated angles.

Figure 3.17(a) shows correlations from the ascending and descending tracks for
a box in the western Pacific centred at (140'W, 20'S) (see Figure 3.2) and Figure
3.17(b) shows the anisotropic anomaly correlation for the model for the same box.
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This shows promising results. The anomaly correlations are clearly higher in the

quadrant of the ascending tracks than that of the descending tracks and this can

be seen in Figure 3.17(a), where Lo"":900 km and L¿.". : 420 km.

1.0

co
o

o
O

0.5

00 ,q

1.00

0,75

050

025

-o 25

-l

- 0.5

0 '1000 2000 J000 -tooo
Distonce (km) -J000 2000 1000 0 1000 2000 3000

Distonc€(km)

Figure B.1z: (a) Correlations from simulated ascending ground tracks (as-
terisks) and descending ground tracks (crosses) for the box centred at
(140"W, 20'S) (see Figure 3.2). (b) Anisotropic model anomaly corre-
lations for the same box.

Figure 3.18 shows contour plots of Lo". and L¿"". oyet the globe for the time
period Jul - Sep 1998. Comparing this to the actual anisotropic model anomaly

correlations (Figure 3.6(a)) it can be seen that many of the major features of the

global distribution are replicated. For example, in the eastern Pacific south of
the equator, the anomaly correlations are generally tilted towards the southeast,

more closely aligned with the ascending ground tracks than the descending ground

tracks. And indeed, Lo". is generally higher in this region than L¿.r". Conversely,

in the northeastern Pacific, L¿""" is generally higher than Lo". and in this region

the ellipses are tilted at an angle that is closer to the angle of the descending

ground tracks.

It is possible to construct an ellipse from these two length scales and the two

angles. The major axis of the ellipse must be defined to lie in the direction of
either the ascending ground tracks or the descending ground tracks. This means

that none of the ellipses will be aligned east-west or north-south. However, in this

section it has been shown that it should be possible to obtain at least some infor
mation on ellipse orientiation from the ascending/descending method. Figure 3.19

shows the anisotropic correlations constructed in this manner. Again, comparing

these to Figure 3.6 it can be seen that although there are serious deficiencies, some
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Figure 3.18: (a) Isotropic length scale from ascending ground tracks (k.tt)
ior Jul - S.p 1-998, (b) Isotropic length scale from ascending ground
tracks (k*) for the same time period.

of the major features of the global distribution of the anisotropic anomaly correla-
tions are evident. Note in particular the large ellipes in the northern Indian Ocean

during Jul - Sep 1998. In the more central parts of the Indian Ocean there is a
tendency for the ellipses to be aligned towards the south-east. In addition, the size

of the ellipses in the North Atlantic Ocean is considerably larger during Jan - Mar
1999 than during Jul - Sep 1998, and they are aligned in the correct direction.

These results imply that there is potential to obtain information on anisotropic
error correlations from altimeter data. However, it is not known whether the in-
corporation of anisotropy in a background error correlation function would provide
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Figure 3.1-9: Anisotropic anomaly correlations from ascending and de-
scending tracks for (a) July to September 199E and (b) January to
March L999.

any improvement over a simple isotropic correlation function. This will be explored

in Chapter 7.

3.3 Discussion

In this section, the isotropic correlation length scales from the simulated altime-

ter data are examined further. Figure 3.20 shows the difference between .L and

Lart_2hr as a percentage of. L for the two time periods. It can be seen that over

most of the ocean, the altimeter sampling pattern causes the length scale to be
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Figure 3.zo: Difference between Figure 3,IL (L"¿¡_2¿r) and Figure 3.5 (¿)
for (a) July to September 1998 and (b) January to March 1999. The dif-
ference is expressed as a percentage of .L. Red areas are where Lo¿¿_2¡¡ I L
and blue areas are where Lo¡¡_2¡, ) L.

underpredicted. The areas where -L is underpredicted by the largest amount are

generally near the centres of ocean basins, while areas where the altimeter over-
predicts the length scale are generally near the coast, or along the southernmost
latitude band. A similar pattern appears for both time periods, indicating that
although the actual anomaiy correlation length scales vary seasonally, the effect of
the altimeter sampling pattern is consistent in time.

The two cases examined in Section 3.2.2 índicated that the inclusion of prior
and subsequent altimeter ground tracks by extending t*o, to 2 hours may, in
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certain situations, degrade the estimation of .L. Since a method is sought which
provides a consistent correction to Lr¿¡ (i.e., minimising variable errors), and not
necessarily the method which produces values closest to the true .L (i.e., minimising
the bias), it is worthwhile to examine here the estimates of Lo¿¡-15*¿n.

Figure 3.21 shows the isotropic correlation length scales calculated from the

-F

Figure 3.21: Same as Figure 3.11 but Lo¿¡ is calculated using t*o, : L5
minutes

simulated GEOSAI data with t,no*:15 minutes. Comparing this figure to Fig-
ure 3.1L it can be seen that although the magnitude of the length scales varies

considerably, the regional variability is very similar whether t^o, is L5 minutes or

2 hours.
A third method to obtain isotropic length scales is also examined here. This
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third length scale is obtained from the the method considering ascending and
descending tracks separately. Specifically, Lo¿ is defined as:

Lo¿
Lo". I Ld,.r.

(3.11)
2

It was found that this produced a global distribution of isotropic length scales that
is very similar to the global distributioî of Ls3n¿z so it is not shown here.

Histograms of the differences between Lah,_2hr and ¿, Lah_t1min and .L and Lo¿

and L are shown in Figure 3.22(a) and (b). Differences from both 3-month time
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Figure 3.22: Histograms representing the difference between the true cor-
relation length scales and the length scales as calculated from simulated
altimeter data using three different methods.

periods are considered here. The top panel represents the differences in km and
the bottom panel the differences as a percentage of. L. Boxes are only considered

for which there are at least 5000 data-pairs for the full model anomaly correlation.
This eliminates boxes where there are significant amounts of land. The bin width
is 50 km in Figure 3.22(a) and 5 percentage points in 3.22(b).

Table 3.4 shows the mean differences and standard deviations for each method
of calculating ,L. If just the difference in km is considered, then using Latt_2hr

0
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od
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2hr
15 min
ad

Difference (km)
mean st. dev.
70. 7 737.7
84. 4 148.5
77.4 t48.7

Difference (% L)
mean st. dev.
10.3 27.0
72.2 22.3
9.7 23.7

Table 8.4: Mean and standard deviation of the differences between .L and
the length scales calculated from the simulated altimeter data.

seems to be the best option: the overall bias is lowest (i.e. Latt-2hr : L - 70.7

km) and more importantly the standard deviation is the smallest. Considering the
difference as a percentage of .L, then for the 2 hour case, the mean difference is

l0.3To, suggesting that a possible course of action might be to calculate Lah-2hr

and then increase if lry I03% to obtain the best estimate of the true correlation
length scale. (Strictly speaking this should be ll.5% since if Lart-2hr : 89.770 L,
then .L :7I7.57o Loh-2h,.) Again, this suggests that the method using Lo¿¿-2¡,, is

the best of the three methods as the standard deviation is lower. However, the

difference between the three methods is not substantial, particularly in terms of
the standard deviation.

3.3.1- The Impact of Anisotropy on Isotropic Length Scales

The amount by which the altimeter underpredicts (or overpredicts) the isotropic
correlation length scale should be a function of the shape of the true anisotropic
correlation function. If the anomaly correlation is isotropic, then the true correla-

tion length scale is the same in all directions, and the limited directional sampling
of the surface by the altimeter should not have any impact on the estimate of
the length scale. As the correlation function becomes more anisotropic, and the
ellipses become more eccentric, then the underprediction of L by the altimeter
becomes dependent upon the angle between the altimeter ground tracks and the
major axis of the ellipse.

This can be examined more closely by comparing the difference between Lart-L1min

and L with the parameters of the anisotropic anomaly correlation functions. Lart-r1rnin

is used in this section as it is expected to be affected more by anisotropy in the
anomaly correlation function than the other methods. The difference between
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Latt-t1min and L, La¿lÍ, is defined here as:

(3. 12)

Comparisons between L¿¿¡ ¡ and the ellipse parameters of the anomaly correlations
are shown in Figure 3.23. The top two panels in this figure support the idea that
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Figure 3.23: L¿¡¡¡ (see Equation 3.12) as a function of the ellipse param-
eters of the anomaly correlation. (a) Axis ratio, (b) tilt of ellipse and
(c) length scale. In the right-hand panels, the density of the data in the
left-hand panels is contoured.
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the anomaly correlations. These show that where the full model anomaly correla-

tions are isotropic (i.e., the ratio of the axes is close to 1) then the underestimation
of the length scale by the altimeter is close to zero. As the ellipses become more

anisotropic, the axis ratio increases and the amount by which the altimeter under-
predicts the length scale increases.

In the middle two panels of Figure 3.23, the areas where L¿¿¡¡ is negative

represent boxes where the altimeter overpredicts the isotropic length scale. It can

be seen from the right-hand panel of (b) that these are mostly where the tilt of the

major axis of the ellipse is around 30o or around 150". These are approximately
the angles of the GEOSAT descending and ascending ground tracks (respectively)

at mid-latitudes. This is to be expected: if the longest length scales of the anomaly

correlation function are in the direction of the ground tracks, then these are the

scales that the altimeter will be able to measure, and so the isotropic length scale,

which should approximate the average of the length scales in ali directions, will be

overestimated.

It was seen in Section 3.2.2 lhat by calculating correlation length scales from
ascending and descending tracks separately, it is possible to obtain some informa-
tion on the anisotropy of the anomaly correlation functions. This suggests that
it may be possibile to use the information from ascending and descending ground

tracks to provide an indication of how much the isotropic length scales should be

altered to bring them closer to the true length scales.

A relationship is thus sought between the amount by which the altimeter un-

derpredicts the isotropic length scale and the difference betweeî Lor" and L¿""".

Various options for these factors were explored in order to find the strongest re-

lationship. For example, the 'underprediction of the isotropic length scale' could

be given by the definition in Equation 3.72 or simply as L - Lo¿¿. V/ithin this
definition, Lo¿¿ cã;r be either Lah-2hr or Lo¿¿-1s,,¿n or Lo¿. Finally, the difference

between Lo"" and L¿."" càrr be either the ratio of the two length scales, or the

absolute value of the difference between them.

The strongest relationship (i.e., the highest correlation) was found to be be-

tween Laüt:100 x -h andlLo".- L¿"".l.This is shown in Figure 3.24. The
underprediction of the isotropic length scale by the altimeter is actually inversely

correlated with 1,L,""- La.""l. The linear correlation coefficient, R, of this dataset is

equal to -0.36. This correlation is no stronger than the correlation between L¿¿¡¡

and latitude, or L¿¡¡¡ and Lart-r1¡nàn. (These relationships are examined more
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Figure 3.24: L¿¿¡¡ (see Equation 3.12) as a function of lLo,. - L¿.".1

closely in Chapter 5). This is opposite to what would be expected based on the
results in Figure 3.23, It would be expected that a higher level of anisotropy (i.e.,

large lLo".- L¿"""1would lead to a greater underprediction of the isotropic length
scale.

Therefore, it appears that the difference between Lo"" and,L¿"". does not pro-
vide enough of an indication of the anisotropy of the anomaly correlation function
to be able to use this to adjust the isotropic length scale. This is probably because

the ground tracks simply do not cover the range of angles needed to be able to
determine how anisotropic the anomaly correlation function is. As seen in Figure
3.6 there are many ellipses which are aligned directly east-west and it is not pos-

sible for the altimeter to detect this. This was also shown b5' the results in Figure
3.19.

3.3.2 Effect of Using a Constant 20' Box Size.

In this chapter, spatial correlations have been calculated over the globe within
constant box sizes of. 20'. Due to the curvature of the earth, these boxes cover a
smaller area of the ocean surface at higher latitudes than at lower latitudes. For
example, the central width of a 20' box centred at the equator is approximately
2234km while the central width of a 20' box centred at 60'N or 60o5 is only 1117

km. Thus boxes at the equator are twice as wide as those at the highest latitudes
considered here. This can be seen in Figure 3.25 which shows ground tracks for the
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(o)

(b)

Figure 3.25: GEOSAT ground tracks over a 20' box centred (a) at the
equator and (b) at 60'5 plotted with an azimuthal equidistant map
projection.

GEOSAT altimeter within a box centred at the equator and one centred at 60'5.
These 20'by 20" regions are drawn with an azimuthal equidistant map projection.

The concern with a varying box size arises because if a larger box size is used,

then it is possible to detect larger signals in the SWH fieid and so one might expect

the correlation length scale to increase. However, the distribution of the ground

tracks within a box also changes with latitude. The solid lines in Figure 3.25 rep-

resent individual ground tracks and it can be seen that the ground tracks become

more zonal at high latitudes. It can be seen that ground track within the 60"5

box covers a greater zonal distance than the ground track within the equatorial

box. Conversely the meridional distance covered by an individual ground track is

shorter at the high latitudes.

To examine how the correlation scales might be affected by the use of different

areas of the ocean surface at different latitudes, in this section, a comparison is
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made between correlation length scales obtained from 10'boxes and those from 20'
boxes. The idea is that the difference in correlation length scales seen between a

20o box at the equator and a 10o box at the equator is comparable to the difference
that might be expected to be seen between a 20o box at the equator and a 20o box
at 60"5.

Figure 3.26 shows some examples of isotropic correlations as a function of
distance for 10o and 20" boxes centred at the same location. These correlations
have been calculated from the simulated altimeter data using only along track data,
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Figure 3.26: Comparison between Lah_r1min from 10o boxes (crosses) and
Lart-r1m¿n from 20o boxes (asterisks) for boxes on the equator centred at
(a) 180"E, (b) 140"W and (c) 30"W (see Figure 3.2).
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i.e., with t*o, : 15 minutes. The correlations shown in Figure 3.26 are typical
and it can be seen that there is no distinct pattern to the differences between

correlations from 10' boxes and those from 20o boxes. When the curve frtting
routines are applied to these functions, the behaviour of the correlation function
at long spatial lags has a strong influence on the resultin length scale for the

20o box. To enable a more robust comparion with the 10o boxes, the correlation
functions from the 20o boxes were truncated at 1000 km before the curve-fitting
routines were applied. Figure 3.27 shows a comparison of the length scales. The
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Figure 3.27: (") Comparison between Lah-tbm¡n from 10' boxes and
Lart-rsrnin from 20o boxes for Jul - Sep 1998. (b) Same as (a) but the
number of points is contoured.

mean difference between length scales from LOo boxes and those from 20o boxes is

only 3.3 km. Thus it can be concluded that the use of a constant 20' box size over

the globe is not an issue.

3.4 Summary
In this chapter, the impact of satellite altimeter sampling patterns on estimates of
modelled SWH anomaly correlations has been examined. A set of anomaly corre-

lations was constructed from global 0.5' spatial resolution wave model fields. The

3-month mean modelled SWH was used for the climatology. Anomaly correlations

were calculated over the globe at l-0' intervals, within boxes of side length 20o in
Iatitude and longitude. These were frtted to analytic functions of distance and

angle (anisotropic correlations), and of distance alone (isotropic correlations).

(o,

+

+
r+

+
+

+

+
+

+
+

+
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The isotropic correlation length scale, -L, was defined to be the parameter
which provided the best fit between the isotropic correlations and a 2nd-order auto-
regressive function (see Equation 3.9). It was found lhat L varies significantly over

the globe, with typically longer scales at low latitudes and shorter scales at high
latitudes. Considerable seasonal differences were found in the global distribution
of L.

The anomaly correlation functions were found to be significantly anisotropic
over most of the ocean surface. Within each 20o box, the longest length scales

of the correlations were generally in the direction of the prevailing winds. In
the low latitudes, for example, the anisotropic anomaly correlation functions were
predominantly aligned with the Thade Winds.

Simulated satellite altimeter ground tracks were created and the modelled SWH
fields were sampled at the simulated altimeter observation locations. The anomaly
correlations were re-calculated from this simulated altimeter data. The simulated
altimeter data were able to capture most of the geographic and seasonal variabil-
ity in the isotropic correlation length scales. The best estimates of the isotropic
Iength scales came from a method in which correlations \Mere calculated between

observations that were within two hours of each other. This method was found
to underestimate the isotropic anomaly correlation length scale by approximately
n%.

The simulated data was not so successful in producing realistic anisotropic
correlation functions. This is because of the lack of information in the zonal
direction in the simulated altimeter data. However, examination of correlations
alons a-qeendins and descendins sround tracks senarateìr¡ nrovided some indication
of the areas on the globe for which the anomaly correlations are more anisotropic
than others.



Chapter 4

A Validation of ERS-2 Fast
Delivery Significant'Wave Height

The overall goal of this thesis is to use ERS-2 altimeter data to determine the

modei prediction error correlation matrix, P¡¡. More specifically, altimeter SWH

data are the observations representedby O¿ in Equation 3.1. These observations

should be of the highest quality possible. In addition, it is essential to know the

characteristics of the errors of these observations. Therefore, in this chapter, a

validation of the ERS-2 FD SWH observations is undertaken. In particular, the

altimeter observations are compared to high-quality i,n s¿úz observations of SWH

over a period of more than 4.5 years.

Some previous validation studies are described here in Section 4.7. In section

4.2,lhe data, method and the results are presented. Section 4.3 describes a sensi-

tivity study in which the impact of the adjusted ERS-2 SWH data on the BoM's
current assimilation system is evaluated. A summary is presented in Section 4.4.

4.L Previous 'Work

For many earth observing satellite missions (e.g., GEOSAT, TOPEX/POSEIDON
(TP), ERS-I) there is a reasonable amount of literature available on the quality
of the altimeter SWH observations. Although ERS-2 has been in orbit since April
1995 there is very little in the general literature on the validation of ERS-2 S\ /H,

and in particular, the Fast Delivery (FD) format, even though it is this version

of the data that is used operationally in data assimilation schemes. The stated

61
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accuracy in SWH from the ERS-2 altimeter is 0.5 m or 70To of SWH, whichever is

greater.

A few studies on ERS-2 SWH have been published (see later for details) as

workshop proceedings by the European Space Agency (ESA). The general idea of
these studies is to obtain a set of co-located altimeter and buoy observations and
find an appropriate adjustment for the altimeter data which results in the best
possible match wilh in si,tubroy data. If the buoy observations are considered to
be error-free, then the correct procedure would be to regress the altimeter data onto
the buoy data, i.e., perform a regression with the altimeter data as the independent
variable and the buoy data as the dependent variable. However, the buoy data
cannot be assumed to be error-free (see below) and an appropriate alternative
method is to perform two regressions: one with the buoy data as the independent
variable and one with the altimeter data as the independent variable and then take
the average of the two regression lines as the final result. This method assumes

equal error variance in the altimeter and buoy SWH measurements.

There are several factors contributing to the error in the buoy observations. In
general, the instrument errors of the buoy are small (< 2% of SWH). An additional
source of error arises from the fact that the buoy observation is a temporal average

at a point, while the altimeter provides a spatial average over a short period of
time. The error arising from these different sampling methods has been estimated
at 8% of the mean observed S\ /H (Monaldo, 19SS). Further errors could arise

from the separation distance (in space and time) between the co-located data.

Challenor and Cotton (1997) performed a validation of ERS-2 FD data against
a set of 24 US National Data ,tsuoy C)enter (NDBC) buoys in the Northern Pacific
and Atlantic Oceans. Co-location criteria were limited to altimeter overpasses

occuring within 100 km and 30 minutes of the buoy observations. With 262 co-
locations during 1995, it was found that the altimeter underestimated the SWH
overall and there were serious deficiences at low waveheights. The average of two
linear regressions provided the following results:

SWH,¿¡ : 1.22 SWH¡,¿¡ - 0.366 (4.1)

Noting that the distribution of SWH is closer to log-normal than Gaussian, the
fitting procedure was repeated using log(SWH) instead of SWH. In addition the
data were analysed with the SWH limited to various minimum thresholds. This
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In a study of 1194 co-locations of buoy and altimeter SWH over a l-year period,

Janssen et al. (7997) found a"î r'rns error of 0.39 m and a bias (ERS-2 - buoy) of

-0.25 m. This study was restricted to colocations where buoy SWH > 1.5 m. The

average of two linear regressions was found to be:

resulted in recommended adjustments of:

log(SWH.ø) :2.44Iog(SWHp n) - 0.++ for SWHr¿r ( 1.5m

SWH"¿¡ : SWH¡¿ for SWHr¿ ) 1.5m

SWH,¿¡ : 1.11 SWHFD - 0.035

SWH"¿¡ : 1.09 SWHrp - 0.12

(4.2)

(4.3)

(4.4)

It was noted that when swell is dominant, e.9., around Hawaii, the agreement

between altimeter and buoy observations improved. Janssen (2000) therefore con-

sidered the issue of the 'peakiness' of ocean rü/aves on the retrieval of altimeter
waveheights. It was shown that by adjusting the ERS-2 FD SWH according to the

Phillips parameter, ao, then better agreement could be found between altimeter
and buoy SWH. ao is obtained from modelled wave spectra by parameterising the

spectrum as:

F(k) : !,o,t -''2f
where k is wavenumber. This is the procedure currently followed at ECMWF to
apply corrections to the ERS-2 FD data. The overall impact of this correction is

that the altimeter SWH is generally increased by approximately 3%.

At Meteo-Flance, the ERS-2 FD data is adjusted according to (Lefevre, per-

sonal communication):

Greenslade (2001) used 15 months of ERS-2 FD data and compared this to
SWH from buoys situated around the coast of Australia. Co-locations were limited
to altimeter overpasses occurring within 0.75' of the buoy location. With a limited
number of buoys, there were only 83 co-locations in this study. The rms difference

between the two datsets was found to be 0.38 m and overall, the altimeter was

found to overpredict SWH by 0.21 m. This bias is of opposite sign to that of other
studies discussed here. This can be explained by the fact that the Australian region
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buoys used were mostly quite close to the coast. This means that the altimeter
overpasses were generally seaward of the buoy location resulting in SWH values

which v/ere generally higher than the buoy SWH.
Tolman et al. (2002) considered 12 months of ERS-2 data (March 1997 to

February 1998) and compared l0-second along-track averages with wave obser-

vations from the NDBC buoys. This provided 1725 colocations. The correction
derived from these colocations was:

SWH,¿¡ : 1.09 SWH.¿ + 0.03 (4 5)

for SWHp o ) 2 m with a quadratic correction applied for low SWH

4.2 Validation of ERS-2 FD S\MH

In this work, global ERS-2 FD data over a time period from March 11 1997 to
October 31 2001 were used. Figure 4.1 shows the number of individual altimeter
observations over the globe for each 24-hour period during the 4-5 years considered

here. The SWH data used for validation were i,n situ buoy data from the NDBC
and from the BoM's archives. Details of each buoy are listed in Appendix B.

For each buoy location, ERS-2 data were averaged over a region + 0.5" around
the buoy site. (i.e., a 1" box). If any part of the 1' box was covered by land, then
wave data from that buoy was not used. This eliminated most of the Australian
buoys which had been used in Greenslade (2001) from the data set. Each altime-
+^* ^,,^-ñ^d- +^l-^- l^-- +l^^- 1 *;-,,+^ t^ +-^,,^--^ +tr ^ 10 tr-^., f,i^* ^^^LuçI uvgrPGùù uG^çÐ tgÐù ullGtl f tllllluuç uu urGvElùç urlE f uu . I UI Saull uvuryoDù,

observations greater than t 2 standard deviations away from the mean were re-
jected, and the mean recalculated. This was repeated until all observations were

within 2 standard deviations of the mean. Overpasses were only included in the
co-located data set if, after this process, there were at least 6 SWH observations
contributing to the average within the box. Most overpasses consisted of 15-18

individual altimeter observations.

The buoy data were then iinearly interpolated to the altimeter overpass times
for comparison, with the additional criterion that there be at least one buoy ob-

servation within t hour before and t hour after the time of the altimeter overpass.

This eliminated further buoys in the Australian region for which observations are

available only every 3 hours. The resulting dataset included a total of 2823 co-
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Figure 4.1: Number of individual ERS-2 FD observations over the globe
in each Z$-hour time period from March LL 1997 until October 31 2001.

locations. These co-located datapoints are shown in Figure 4.2. There is clearly

a non-linear relationship between ERS-2 FD SWH and buoy SWH, with the al-

timeter overpredicting for low SWH (< 1-) and underpredicting for medium to
high SWH (> 2-). The first row in Tabie 4.1 shows validation statistics for this
dataset. The bias, root-mean-square (*t), Scatter Index si and linear correlation
coefficient (R) are defined as:

Bias : #å E¿- B¿

#å (Eu- Bn)'

(4 6)

(4.7)

(4.8)

-t1/l "lrhl'"u'v\f" \"' " 'l/ v ¡rrvv v',

s'1,:
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Table ¿.r: Validation statistics for ERS-2 FD data and various adjustment
algorithms.

Data set Bias m 81, rms (m) R
FDI no -0.048 0.160 0.317 0.979

Linear only 0.000 0.122 0.238 0.979
Quadratic -0.015 0.114 0.222 0.982

2-branch linear 1.0 -0.026 0.109 0.274 0.984
2-branch linear 1.5 -0.005 0.104 0.203 0.985
2-branch linear 20 -0.031 0.106 0.209 0.984

R-
ç--lüL¿i:l E¿- B¿-

(4 e)

>i:,(ø, -n)2 t 
-r2lBn - B)

where E¿ is the ERS-2 SWH, B¿ is buoy SWH, l[ is the number of co-locations
and an overbar represents the mean value.

Note from Table 4.1 that the overall bias is quite small. The overprediction for
Iow SWH almost cancels out the underprediction at high S\MH. The mean buoy
SWH here is 1.95 m so the bias represents only 2.5% of the mean SWH. An rms
error of 0.317 m is well within the stated accuracy of 0.5 m. These results are

similar to those of other studies.

Various different functions were examined to find the best fit to these data.
Firstly, a simple linear regression was applied, even though the data clearly show

that a linear function is not appropriate. The technique used was to find the
average of two linear regressions, as described previously. Figure 4.3(a) shows the
co-located dataset (as in Figure 4.2) along with the two regression lines (red and
blue). The final averaged regression line lies between these two lines and is given

by'
SWH,¿¡ : 0.1 for SWH¡ o < 0.4

SWH,¿¡ : L.245 SWH¡o - 0.477 for SWH¡I > 0.4
(4.10)

The first line in Equation 4.10 is included in order to avoid situations in which
the adjusted SWH may turn out to be negative. The minimum ERS-2 FD data in
the co-located data set considered here is 0.75 m, and an inspection of one month
of global ERS-2 data found a minimum SWH value of 0.6 m, so it is expected that
this would not be a major issue.
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This bias correction is qualitatively similar to the results of most of the studies

describecl in Section 4,1, i.e,, the linear fit has a slope ) 1 and a negative intercept.

Figures 4.3(b) and (c) show the altimeter data versus the buoy data after the above

adjustment has been made to the ERS-2 data and validation statistics are shown

in Table 4.1. It can be seen that this simple linear adjustment does provide an

improvement, but Figure 4.3 shows that it still results in overpredicted values for
low SWH.

This procedure was also applied with a quadratic function. Figure 4.4 shows

results for this function, for which the best fit was found to be:

SWH"¿, :0.1 for SWH¡¿ < 0.536

SWH,¿¡ : -9.812 + 5.616/2517- + SWE;; for SWH¡¿¡ > 0.536
(4.r1)

The validation statistics for the ERS-2 FD data after being adjusted according

to Equation 4.11 are shown in Table 4.1. The quadratic adjustment is a further
improvement over the linear function, but it can be seen in Figure 4.4 (c) that
problems still exist at very low values of SWH and that the highest density of
observations does not lie exactly along the y: ø line. This suggests that further
improvements may still be found.

The third type of function investigated was a two-branched linear function, as

in Challenor and Cotton (1997). The co-located data is divided into two segments:

high ERS-2 SWH and low ERS-2 SWH, above and below a particular'fitting cutoff'
value, SWHFD : F", respectively. Linear regression is then applied separately to
the two segments of the data. Figure 4.2 shows an example of the results for fl :
1.5 m.

In order to avoid a discontinuity at SWHF,D : F., the point of intersection of
the final two regression lines was found and the appropriate adjustments applied

above and below that intersection point. For the example shown in Figure 4.2,

although F" : L.5 m, the intersection of the two lines actually occurs at ERS-2

SWH : 1.375 m.

Thirteen cases r,¡/ere considered here with .P" ranging from 1 m to 2.2 m in 0.1

m intervals. Validation statistics for three of these cases, F. : t m, 1.5 m and

2 m are shown in Table 4.1. It was found that the best case (lowest rn'Ls error

and lowest sz) was for F.: 1.5 m, i.e., the example shown in Figure 4.2. As for
the previous cases, it is necessary to include a caveat to prevent negative values of
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S\A/H. The resulting fit is

SV/H"¿¡ : 0.1 for SWH. o < 0.72

SWH,¿r' :2.187 SWHFD - 1.582 f.or 0.72 < SWHro < 1.375

SWH.4 : 1.153 SWHr,D - 0.160 for SWH¡'D > 1.375

(4.r2)

Adjusting the ERS-2 FD data according to Equation 4.72 will thus result in a

dataset which, when compared to 'in si,tubuoy data has an rrns error (i.e., goodness-

of-fit) of 0.203 m, a s'i of 0.104 and negligible overall bias. This is a significant
improvement over the non-adjusted FD data and can be expected to produce a

positive impact in data assimilation schemes which use ERS-2 FD data. This is
examined in the next section. In addition, and more importantly for this work, the
adjusted ERS-2 FD data provides a set of high quality observations which can now

be used for the determination of the correlation structure of wave model errors.

Note, however, that the correction described by Equation (a.n) has a discon-

tinuity in its first derivative. This will therefore introduce a discontinuity in the
probability distribution of the corrected observations. While this is not expected

to be an issue when using the altimeter observations in a data assimilation sys-

tem, it does mean that care is required when using the corrected observations in
validation studies.

4.3 Impact of the Adjusted ERS-2 S\MH on a
Data Assimilation System

An experiment was performed to evaluate the impact of the above ERS-2 FD
adjustments on the current operational ERS-2 SWH data assimilation system at
the BoM. AUSWAM (see Appendix A) was run in several modes over the global

domain for one month, June 2001. Although this time period is not independent
of that used in the colocations, the set of buoys used for verification is slightly
different to that used in the previous section. The first model run included the
assimilation of ERS-2 FD data directly (ASSIM), and the second model run used

thc ERS-2 data adjustcd according to Equation 4.12 (^SSIM-ADJ). No othcr
changes were made to the assimilation system. Details of the assimilation system

are not important for this section, but are presented in Chapter 7 of this thesis.

In particular, the prescribed model nns error and the prescribed rnùs ettor of the
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observations were kept the same for both model runs, even though there are plau-

sible arguments for reducing these values (currently they are both set to be 0.5

m). These values were kept constant in order to highlight the effect of the adjust-

ments to the ERS-2 data. In addition, a control run with no data assimilation

(NO-ASSIM) was performed.

The spatial resolution of the global wave model used in this section is 1o.

Operational restart frelds valid at June 1, 002 were used for all three model runs,

and the operational global 10m winds were used to force the wave model. During
each l2-hour hindcast/assimilation period and 48-hour forecast period, SWH fields

were output at 3-hourly intervals.

Figure 4.3 shows a global analysed S\ /H field from the two assimilation runs

(ASSIM and ASSIM-ADJ) and the difference between the two fields. It can be

seen that the adjusted ERS-2 FD data has made a significant impact over most of
the domain. For the most part, SWH from the ASSIM-ADJ run is higher than the

ASSIM SWH. This is not surprising as over most of the range of SWH, the effect

of the adjustment in Equation 4.12 is to increase the SWH. For this particular
analysis time, the smallest impact is found in the North Atlantic and northwest

Pacific Oceans and the largest impacts are found in the eastern Indian Ocean and

the Southern Ocean, where the SWH from the ASSIM-ADJ run is up to 0.5 m
higher than ASSIM. In general, the largest impacts can be seen in areas where the

highest SWH occurs. The only areas where SWH is decreased are the northern
polar regions and the west Atlantic/Gulf of Mexico. As can be seen from Figure

4.3(a) and (b), in these areas, the modelled SWH is below 1 m at this time, so

the impacts seen in Figure a.3 (c) are a direct reflection of the two-branched linear

adjustment.
Figure 4.3 shows the difference between ASSIM and ASSIM-ADJ for the 48-

hour forecast SWH valid at same time as in Figure 4.3. Although the differences

are smaller than for the analysis, it can be seen that the impact of the altimeter
data adjustment persists even 48 hours after the end of the assimilation period.

It has been demonstrated here that the adjusted ERS-2 data creates a signifi-

cant impact on modelled wave fields. However, it is necessary to ensure that these

are positir,'e impacts. This is done by performing a verification of the modelled

wave fields against i,n situ wave buoy data.

A set of 26 wave buoys was used for verification (see Appendix B). This set of
buoys is slightly different to that used in the ERS-2 colocations. In this section,
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Figure 4.7: Same as Figure a3 c) but for 48-hour forecast SWH fields.

hourly buoy observations are not necessary, so some of the Australian buoys which
report data every 3 hours could be includecl. In addition, some buoys which had
been previously excluded due to being too close to the coast could be included
here because they are situated either on or very near a \Mave model gridpoint.

Figure 4.3 shows time series of SWH observations at three-hourly intervals from
several of the buoys along with the 3-hourly analysed SWH from the three model
runs. (Strictly speaking, the SWH from the NO-ASSIM run is not 'analysed' SWH
because data assimilation is not used.) In general, a clear pattern emerges: the
model run without data assimilation is biased low compared to the buoy obser-

vations, the ASSIM run reduces this bias significantly and the ASSIM-ADJ run
reduces it further. This is particularly evident at buoy 51001. It is encouraging
to see, however, that areas where the wave model has overpredicted the SWH are

not further degraded by the impact of the adjusted ERS-2 data (e.g. around June

15 at buoy 55020).

Verification statistics for all buoys are shown in Table 4.2. It can be seen that
for all forecast periods, the skill of the model (i.e., the rms ercor) is improved with
the use of the adjusted ERS-2 FD data. At 24-hours, the rrns error is decreased by
5%. These improvements in skill are largely due to a reduction in the negative bias

of the modelled wave fields, as seen in Figure 4.3. However, improvements have

also been made to the random errors in SWH - this is reflected in the si statistic.
si is defined (see Equation 4.8 as the standard deviation of the error divided by
the mean observed S\MH, and thus bias is not included in the si.

There are significant regional variations in the impact of the adjusted ERS-2
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Tâble 4.2: Verification statistics for 0-hour (analysis), 24-hour and 48-
ht¡ur forecasts.

a) O-hour forecasts

NOASSIM ASSIM ASSIM-ADJ
Bias -0.30 -0.10 -0.07

R 0.89 0.90 0.91
s?, 0.27 0.25 0.23

rn¿s 0.49 0.37 0.35

b) 24-hour forecasts

c) 48-hour forecasts

NOASSIM ASSIM ASSIM-ADJ
Bias -0.28 -0.r4 -0.08

R 0.85 0.87 0.87
s1, 0.30 0.29 0.29

rnls 0.52 0.44 0.42

FD data. The buoys were divided into the five regional groupings shown in Table

B-1, and verification statistics calculated for each group. These are shown for
24-hour forecasts in Table 4.3. The greatest improvement is found in the central

Pacific Ocean, where the 24-hour forecast rn'¿s effot is decreasedby 73% with the

use of the adjusted ERS-2 data. This supports the expectation that there should

be a greater impact on SWH fields in swell-dominated areas due to the method

used to adjust the wave spectrum. This is described in more detail in Greenslade

(2001) and later in this thesis. For the buoys located around Australia, the 24-hour

forecast rn'ùs error is decreasedby 7%, and the systematic bias reduced from -0.15

m to -0.03 m. The least impact is found in the northwest Atlantic and the Gulf
of Mexico, where the 24-hour forecast rn1,s error is the same for both ASSIM and

ASSIM-ADJ.

NOASSIM ASSIM ASSIM-ADJ
Bias -0.29 -0.r2 -0.08

R 0.88 0.90 0.90
sL 0.27 0.26 0.25

rnß 0.49 0.39 0.37
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Table 4.3: Verification statistics for 2â-hour forecasts for the regional
groupings shown in Table B-1

a) Australia

NOASSIM ASSIM ASSIM-ADJ
Bias -0.36 -0.15 -0.03

R, 0.89 0.92 0.92
s1, 0.27 0.24 0.23

rn1,s 0.69 0.55 0.51

b) Central Pacific

NOASSIM ASSIM ASSIM-ADJ
Bias -0.47 -0.27 -0.16

R 0.42 0.55 0.56
s1, 0.t7 0.15 0.15

Trns 0.56 0.38 0.33

c) Eastern Pacific

NOASSIM ASSIM ASSIM-ADJ
Bias 0 -0.14

R 0.83 0.85 0.85
s?, 0.24 0.24 0.23

rn1,s 0.55 0.43 0.41

d) Gulf of Mexico

NOASSIM ASSIM ASSIM-ADJ
Bias -0.15 -0.08 -0.10

R, 0.78 0.75 0.76
s't 0.36 0.38 0.38

TTNS 0.33 0.32 0.32

e) North-West Atlantic

NOASSIM ASSIM ASSIM-ADJ
Bias -0. r3 05 0.04

R 0.75 0.74 0.74
s1, 0.29 0.30 0.30

rTts 0.31 0.30 0.30
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4.4 Summary
A validation of the ERS-2 FD SWH data has been performed. Observations from
the ERS-2 altimeter over a time period of more than 4.5 years have been compared

to'in s'itubuoy observations. Co-locations were limited to those for which buoy and

altimeter observations occurred within + 0.5' and t t hour of each other. With a
total of 2823 co-locations, lhe rms difference between the two datasets was found

to be 0.317 m with the altimeter overpredicting low S'WH and underpredicting
high SWH. Overall, there is a slight negative bias (approximately 0.05 m) in the
altimeter data. This agrees well with previous work.

Adjusting the altimeter clata according to a two-branched linear model reduced

the rms difference between buoy and altimeter data to approximately 0.2 m with
negligible overall bias. It was shown that adjusting the ERS-2 FD data before

including it in a global data assimilation system produces a positive impact on

forecast wave fields, particularly in swell-dominated areas such as the central Pa-

cific region and around the Australian coast.





Chapter 5

Background Error Correlations
using ERS-2 Altimeter Data

In previous chapters of this thesis, the tools needed for an analysis of background

errors in wave models have been developed. In particular, in Chapter 3, it was

shown that the irregular sampling pattern of the satellite altimeter is likely to
affect estimates of the background error correlations that are obtained using that
data. In Chapter 4 a verifrcation of the ERS-2 FD data was performed so that
the observations used will be of the highest quality possible. In this chapter,

wave model errors are examined by considering the differences between AUS\ /AM

model output and ERS-2 altimeter SWH. Results from the previous chapters are

used to bias-correct the ERS-2 Fast Delivery S\ /H and to account for the irregu-

Iar sampling pattern of the satellite altimeter by adjusting the correlation length

scales.

5.1 Data and Methodology

The details of the wave model used are the same as those in Chapter 3 and are

described in Appendix A. Specificaliy, AUSWAM is implemented at 0.5" spatial
resolution and fields of integrated wave parameters (e.g., SWH) are archived every

6 hours. In this section, a four year period (April 1998 to March 2002) is considered.

As in Chapter 3, the wave model is forced by surface winds obtained from the

data assimilation cycle of the atmospheric model, but wave data assimilation is

not included.

81
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The ERS-2 data used are ERS-2 FD observations over the time same period
with the SWH corrected according to Equation 4.12. Based on the results of
Chapter 4, it can be assumed that the corrected ERS-2 observations are unbiased.

For the remainder of this work, 'ERS-2 data' will refer to ERS-2 FD data corrected
according to Equation 4.I2.

There are some differences between the ERS-2 data used in this chapter and

the simulated GEOSAT data considered in Chapter 3. A minor difference is that
the ERS-2 observations are approximately 6 km apart (along-track) whereas the
simulated GEOSAT observations 'ù/ere set to be 20 km apart. The main impact
of this is to increase computational times. An issue that needs to be addressed

with the use of real data as opposed to simulated data is the issue of observational
error. This will be examined later in this chapter. At this point, it is sufficent to
state that the ERS-2 errors are assumed random and spatially uncorrelated (see

Chapter 2).

A more important issue is the difference in the sampling patterns which arises

from the different orbit characteristics of the GEOSAT satellite and the ERS-2

satellite. Figure 5.1 shows ground tracks for the two satellites within a 20o box
centred at (170'E, 10"N). The ERS-2 repeat period is 35 days, as opposed to

o) ERS-2 b) GEOSAT
20
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Figure 5.r: (a) ERS-2 ground tracks for the 20o box centred at (170'8,
L0'N) (see Figure 3.2) and (b) same as (a) but for GEOSAT.

CEOS,{T's 17-day rcpeat period. So the ERS-2 ground tracks are considerably
more meridional than the GEOSAT ground tracks. This means that within a 20'
box on the ocean surface, the closest overpasses in time for ERS-2 are approxi-
mately 10 hours apart, nol 2 hours as they are for the GEOSAT altimeter. In



5.1. Data and Methodology 83

order to be able to consider any extra ground tracks within a 2 hour period, it
would be necessary to expand the box size to 30o. This increases the computa-

tional time substantially, but it was shown in Section 3.3 that the use of the prior
and subsequent ground tracks provides only a minor improvement to the results

(see Table 3.4). Therefore, in this chapter, only along-track data-pairs within 20'
boxes are considered, i.e. only the t*o, : 15 minutes method is used.

The process of calculating the model error correlations is similar to that fol-
Iowed in Chapter 3. For all 20o boxes over the globe, and for each three-month
period (henceforth called a 'season') within the four years considered here, the
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Figure r.z: (a) Comparison between model and ERS-2 SWH for the 20"
box centred at (170'E, 10"N) (see Figure 3.2) and (b), (c) and (d) three
example overpasses during the three-month time period Oct - Dec 2001.
The crosses in (b), (") and (d) are the individual ERS-2 observations
and the solid line is the bias'corrected model S\MH.

wave model output is first interpolated to the altimeter observation locations. Fig-

ure 5.2(a) shows a scatter plot of the comparison between model SWH and ERS-2

SWH for a 20o box in the western Pacific Ocean centred at (170"E, 10"N) (see

Figure 3.2) during Oct - Dec 2001. This figure shows that during this time in this
region, the model tends to overpredict SWH, particularly for the extremes of low

SWH and high SWH. The average bias (modei - ERS-2) here is 0.23 m.

Figures 5.2 (b), (c) and (d) show the SWH observations from some typical

++-ffi#+++
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Figure 5.8: Same as Figure 5.2 but for the box centred at (100"8, 40"S)
(see Figure 3.2).

altimeter ground tracks during this period as a function of latitude along with
the interpolated model values (bias-corrected). These figures show that there is
considerable variability in the structure of the model errors. The term 'error' is

used here in its strictest sense, being the difference between the model and the
truth. Even though the true SWH is not known, it is assumed that the ERS-2

data are unbiased. In addition, if it is also assumed that subsets of the global
l-ilT)C1 ô c1IIltf l^r^ ^.'^..-.L:^^^l rL^- rL^ ¿---^ Cr\IILI -_,.^r l:^ ^^;^-..1-^-.^ --.:+L:-.r-L^IILìÐ-Z r) VV II tld,t¿dl il'LV UlIUIil¡iELlr trIICIl LIIU UI l'lU r) VV.tI IIIUDU llu DUIlIUwl.lUIU Wlùllrrr LIru

cloud of altimeter observations. In panel (b), it can be seen that although the mean

SWH from the model is approximatelv correct, the overall shape of the SWH does

not agree well with the altimeter observations. In panel (c), the trend along the
ground track is good, but the peak SWH at around 18'N is missed by the model.
Finally, in panel (d), there is generally good agreement between the model and the
altimeter SWH, but the model tends to overpredict the SWH near the southern
end of this overpass. Another example is shown in Figure 5.3 for the same time
period, but for a box in the Indian Ocean centred at (100"D, 40"S) (see l¡igure 3.2).

The bias in this case is -0.46 m, i.e., in general, the model underpredicts SWH in
this region at this time. Again, there is considerable variability in the structure
of the model errors. In panel (b), the model underpredicts SWH along the entire

1
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track, even after taking into account the fact that the model SWH has already
been bias-corrected before plotting. In panel (c), the peak SWH in the model is
overpredicted by more than 2 m and in panel (d), the trend along the track is
good, but there seems to be some variability on spatial scales of approximately 5o

that is missed by the model.

These errors in modelled SWH could arise from various factors. A frequent as-

sumption is that the major sources of error in wave models are errors in the forcing
wind fields (Cardone et al., 1995). There may also be errors in the propagation
of wave systems within the wave model. Other factors such as the limitations im-
posed by discretization of the model grid, or of the wave spectrum may also cause

errors.

Figure 5.4 shows global maps of the average difference between the model SWH
and the ERS-2 S\MH, i.e., the model bias, for each season over the entire four years.

At the beginning of this time period, the model generally underpredicts SWH

Apr - Jun 1998 Jul - Sep 1998

Oct - Dec 1998 Jon - Mor 1999

Figure õ.4: Maps of average modelled SWH minus ERS-2 SWH (m) for
each season. Blue regions are where the model SWH > ERS-2 SWH
and red regions are where the model S\MH < ERS-2 SWH.

over the globe compared to ERS-2. During December 1998, there 'ü¡as a major
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Apr - Jun '1999 Jul - Sep 1999

Oct - Dec 1999 Jon - Mor 2000

Figure f.a: (cont.)

upgrade to the resolution of the atmospheric model (see Appendix A). After this
upgrade, from 1999 to 2001, a fairly consistent pattern emerges in which the model

overpredicts SWH in the central Pacific and to a lesser extent in the mid-Atlantic
basins, but underpredicts SWH elsewhere. The largest bias is approximately -0.5

m and occurs in a band at around 30"S to 40"S. An abrupt change to the global
li^r*;tr','+i^- ^{ 1-;^. l"-;-- 
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the difference between the wave model SWH and the ERS-2 SWH increases by
approximately 0.5 m over the entire globe. This has the result of reducing the
region of positive bias to a small area in the western equatorial Pacific, while over

the rest of the globe, the model S\ /H is severely underpredicted. During this
latter time period, there are large regions in the Southern Ocean where the model

underpredicts SWH by over 1 m.

This change in the characteristics of the model bias again coincides with a

change in the characteristics of the wind forcing fields. During April 2001, the fre-
quency and spatial resolution of the operational global wind forcing was increased

and in addition, the winds \ryere smoothed in time (see Appendix A). These changes

to the resolution of the wind forcing cause a degradation in the overall model bias.
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Apr - Jun 2000 Jul - Sep 2000

Oct - Dec 2000 Jcn - Mor 2001

Figure f.a: (cont.)

An increased frequency in the wind forcing means that wind variability on shorter
time scales is included in the forcing. This should result in increased energy in the
waves (Komen, et al. 7994), and thus reduce the (negative) bias overall. However,

the additional impact of the smoothing in time of the wind frelds removes the short
time-scale variability of the wind fields and it is this factor which contributes to
the increased bias in the SWH fields. It will be seen later, however, that the error
variance of the modei SWH is improved substantially with this upgrading of the
winds.

The largest biases in SWH during this four-year time period occur in a band at
around 30"S to 40"S and the largest biases within this latitude band generally occur
near or just off the south-west coast of Australia. This area of the globe experiences

the highest average annual values of SWH (Young, 1999). This suggests that the
bias in modelled SWH may be a constant ratio of the total observed SWH. The
mean observed SWH and the mean modelled SWH over the four-year period are

shown in Figure 5.5(a) and (b) respectively. The observed SWH demonstrates that
the highest average SWH during this time period actually occurs at around 50"S -

to the south-west of the area of largest bias. So the bias is not simply proportional
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Apr - Jun 2001 Jul - Sep 2001

Oct - Dec 2001 Jon - Mor 2OO2

Figure f.a: (cont.)

to the SWH. This is confirmed by panel (c) in Figure 5.5 which shows the bias

in the modelled SWH as a percentage of the observed SWH. The largest value of
the bias as a percentage of the observed SWH is still found around the Australian
coastline and in the 30"S to 40"S latitude band. If it is assumed that all the errors

in the wave model, are due to errors in the wind forcing, then this suggests that
the main deficiencies in the atmospheric model are in the westerly wincis in the
southern latitudes, particularly in the Indian Ocean.

As in Chapter 3, the error correlations are calculated according to Daley (1991).

Specifically, the following correlation function is calculated:

(5.1)
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Figure 5.5: (a) Mean observed (ERS-2) SWH over 4 years (*). (¡) Mean
modelled SWH over 4 years (m). (c) Absolute value of the difference
between (a) and (b) as a percentage of (a).

where O¡ is the ERS-2 SWH, B¡ is the model SWH interpolated to the location

of the ERS-2 observation and the overbar represents the time average over the

number of time levels that observations occur at both locations j and k during a
season. This is therefore the number of altimeter overpasses at a particular location

within each 20o box during each season. Before calculation of the correlations, any

existing bias must be removed from the observations and the modelled fields. The

observations are assumed unbiased, and the seasonal global model bias shown in
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Figure 5.4 is removed from the modelled SWH fields for each season.

Two example model error correlations are shown in Figure 5.6 as a function
of distance. Correlations are averaged into 10 km bins, so that, for example, the
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Figure 5.6: Two model error correlation functions during the time period
Jul - Sep 2001. These are for 20o boxes in the Eastern Pacific Ocean
centred at (120"W, 10"S) (crosses) and (120oW, 40oS) (asterisks) (see
Figure 3.2).

value of the correlation in the first (0 to 10 km) bin is the average value of the
correlation bet',¡'een all data-pairs which are less than L0 krn apart. Since ERS-2
observations are approximately 6 km apart, these data-pairs will consist of all pairs
of adjacent observations.

There are several points to note in Figure 5.6. Firstly, these two correlation
functions are clearly different. The rate of decay of the function for the 50"S box
is more rapid than that for the the 10"S box, and at a lag of 1000 km, the value

of the correlation for the 10'S box is around 0.3, while the value of the correlation
in the more southerly box has reached zero. This indicates that the spatial scale

of the model errors is larger in the 10'S region than in the 50"S region.

At long spatial lags, the correlations tend to be noisy and do not necessarily

equal zero. This is simply a reflection of the fact that there are fewer data-pairs
with large distances between them. For example, if there were, say, 10 observations

0
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10 km apart along a particular ground-track, then there would be 9 data-pairs with
a 10 km separation but only one data-pair with a 100 km separation, The fact

that the correlations do not always equal zero at long iags can have an adverse

effect on the process of finding the best-fit analytic curve. This could be overcome

by several methods. One option could be to weight the value in each bin according

to the variance within the bin or according to its spatial lag. Another option
could be to truncate the correlation function at a particular lag before applying
the curve-fitting procedure (as was done in Section 3.3.2). The disadvantage of
this method is that in this case, it is not obvious at what distance the function
should be truncated. Another way to address this issue couid be to expand the

box size considered. However, the end points would still be noisy, they would just

be at longer distances. A fourth method could be to consider a time period longer

than three months so that more satellite overpasses are included in the correlation
computations. The disadvantage of this method is that it makes it difficult to
examine seasonal variability.

In this work, the total time period that is being examined is four years. It is

possible to simulate a time period longer than three months by averaging together

correlations from different seasons. An example of this is shown in Figure 5.7

where the top four panels show the correlations from individual sequential seasons

and the bottom panel shows the average of the top four panels. Generally, it was

found that four seasons were sufficient to ensure that the correlations approach

zero at long lags. The advantage of this method is that it is not necessary to
truncate the correlations ød hoc beforc fitting. The seasons that are averaged

together may be sequential (as in Figure 5.7) or they could be the same season in
different years. There is the issue, however, that averaging together correlations

from different seasons is not exactly the same as considering a correlation over a

Ionger time period. However, und.er stationary conditions, the variance (O¡ - B¡)'
will remain constant (where the overbar is the average over the number of times

that observations occur at location 7). Examination of Equation 5.1 shows that
with this assumption, correlations from different time periods may be averaged

together. It will be seen later however that the model error variance (B¡ - T¡)'
¿s affected when the characteristics of the wind forcing change during April 2001

and so this assumption is not strictly valid. In addition, both the model and the

observational error variances have some seasonal variability. This should be borne

in mind during the presentation of the results of the next section.
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Figure 5.7: (a) (U) (") and (d) Model error correlation functions for four
sequential seasons over the 20o box centred at (708, 10S) (see Figure
3.2). (e) Average of the correlations sho\Mn in panels (a) to (d).

Another important feature of the isotropic correlation functions shown in Fig-
ures 5.6 and 5.7 is that the value of the correlation at zero lag is not equal to 1,

ancì by definii;ion Rnn: i. i.troi;e i;hai; i;his is noi; reaiiy zerr-r lag because i;here are

no data-pairs that are 0 km apart, but it can easily be seen in Figures 5.6 and 5.7

that the zero-intercept of a fitted curve should be very close to the value in the 0
to 10 km bin. The reason for the zero-intercept not being equal to 1 is essentially
because the ERS-2 altimeter SWH errors are random and uncorrelated.

Following Daley (1991), an analytic correlation function, p(r) is defined to be

the best-fit curve to any particular correlation function. Then

ßo : 
Ir1¿ 

p(r) (5.2)

The ERS-2 altimeter SWH errors are spatially uncorrelated, so their only contri-
bution to p(r) will be at r :0. On the other hand, the model errors øre spatially

+

+

+
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correlated. .Rs is a measure of the spatially correiated component of the total error

and is given by: 
D2

Ro: #-== (5'3)Ea+Eo
where the model error variance E2s and the observation error variance E2o are given

by

tK
E'": ;¡ 

^D-

B( T¡ 2 () and E'o: +f;

tK
. ì¿Ð-

p(r)
Rs

)2TnOn (5 4)

(5.6)

k

where K is the number of locations at which multiple obserr.'ations occur. Note

that when simulated altimeter observations were being used in Chapter 3, they
were obtained by interpolation from the model fields and so Eb :0 + Ro : 1.

The spatially uncorrelated part of the enor (Eþ) is made up of the observation

error plus the error in spatial scales which are too small to be resolved by the

altimeter.
It is possible to find solutions for Eþ and E[. If the model errors and obser-

vation errors are not correlated with each other, then the mean variance

r)' (or - Tn)' (Bn - Tn)' : ø'z" + a/ (5.b)

Since R¡ can be determined by finding appropriate analytic curves to describe

the correlation functions, and +Df:, (On - B¡,)2 can easily be computed for each

season, then Equations (5.3) and (5.5) can be solved for Eþ and E2ç. The isotropic

component of the model error correlation is then defined as:

¡Kt\-
K 7:,

¡K
-,\-- K?K:l-

Bko

ø(r)

5.2.L Fitting to Analytic Functions

The procedure for finding the best-fit analytic functions is almost identical to
that followed in Chapter 3. The only difference is the existence of an additional
variable parameter because the zero intercept of p(r) is not fixed at 1. In addition, a

greater number of curves w'as examined so as to find the best fit. These curves rryere

selected in order to include all the functions that are currently used operationally
(see Chapter 2). In addition, the functions suggested in Julian and Thiébaux
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(1975) were tested. The 'best' six curves are listed below

Curve 1:

Curve 2:

Curve 3:

Curve 4:

Curve 5:

P(r) : az

P(r) : az

P(r) : az

P(r) : az

P(r) : az

u"p l-å (*)l
."p 

L-å (;)',]
(t *;) ."p l-å]
(t *;) ""0 l-å (å)l
(t * (;')')',
('* (;)')-'

(5 7)

Curve 6: p(r) : az

To find the most appropriate functional form, the minimization was performed on

the correlations that are obtained when all sixteen seasons are averaged together.
For each curve 1 to 6 in Equation 5.7, and for each 20o box, the parameters ø¿ that
resulted in the lowest mean-square-error (mse) were determined. Figure 5.8 shows

examples of a correlation function for two locations and the best-fit for curves 1 and
3. Only these two curves are shown in each panel for clarity. It can be seen from
this figure that there is not an obvious choice between either curve. The values

of the mse for each curve for (100"E, 30"S) are Curve 1: 0.003, Curve 3: 0.0016

and for (80"E, 20"S) are Curve 1: 0.0006, Curve 3: 0.0011. So overall, Curve
3 represents the top correlation better, but Curve 1 fits the bottom correlation
better. Neither curve matches the zero-intercept well for both locations and this
is an issue when determining E2o and 82". However, there are rù/ays to avoid this
problem, and this is discussed in the next section.

tr:-,,-^ x ô ^1-^-..- +l-^ ^,.^-^* ^-,^- ^ll orìo 1.-^..^^ /^-.^1.,.1:^^ ]-^-,^^ -.,i+LI'16LlJ.ç Lr.ì7 DII\JWù UrIU a1,vúI¿¡,Éc ll.tùti UvvL aLL Aw uLr çÐ \1J.\\,ruurrlË Lru rJù wIUII

significant amounts of land) for each curve. It can be seen that both Curve 1

and Curve 3 perform well overall and there is very little to choose from between

them. It is possible that one particular curve may be appropriate for some specific

geographic regions, while the other is suitable in other areas. This possibility
was exarnined, however, no distinct regions were found where one curve was seen

to be more appropriate. Another avenue that was examined was to determine

which curve overall had the smallest error at r : 0, where the error is defined

as the difference between the fitted value of p(0) and the value of the correlation
in the 0 to 10 km bin. However, again, there was very little to distinguish the

two functions. Therefore, due to the lack of an obvious choice, Curve 3, the auto-
regressive curve is chosen as this will be consistent with the results of Chapter 3.
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Figure 5.8: Model error correlation functions averaged over four years
for 2Oo boxes in the Indian Ocean centred at (a) (100"8, 30'S) and
(b) (80"E, 20"S) (see Figure 3.2). The dotted line in each panel is the
best-fit curve 1 and the dashed line is the best-fit curve 3.

The model error correlation length scale calculated from ERS-2 altimeter data, L,
is therefore defined to be ø1 in Curve 3. Figure 5.10 shows a contour map of .L for
the case with all sixteen seasons averaged together. Before discussing the global

distribution of model error correlation scales shown in Figure 5.10, it is necessary

to make some corrections to the length scales. These corrections arise because of
the irregular sampling pattern of the satellite altimeter.

5.2.2 Adjustments to the ERS-2 Length Scales

In Chapter 3 of this work, it was shown that due to the sparse sampling pattern of
satellite altimeters, model anomaly correlation length scales obtained using sim-

ulated altimeter data were generally underpredicted, particularly at low latitudes
(see Figure 3.20). In this section, an appropriate correction to apply to the model

error correlation length scales obtained from ERS-2 data is determined. This is
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Figure 5.10: Average model error correlation length scale over the four
year period April 1998 to March 2OO2.

achieved by constructing the isotropic anomaly correlations examined in Chap-
ter 3 from simulated ERS-2 data and making quantitative comparisons between

the resuiting length scales and those of the 'true' anomaly correlations, i.e. the
anomaly correlations constructed from the full model data.

The modelled SWH frelds discussed in Chapter 3 re therefore sampled at
simulated ERS-2 observation locations. The model anomalies vtrere reconstructed
from this simulated ERS-2 data using just along-track data (i.e., t*o, : 15 min-
utes). The resulting global distributions of Lrs_^in from simulated DRS-2 data
for the two 3-month time periods examined in Chapter 3 are shown in Figure
5.11. These global length scales are similiar to those constructed from simulated
GEOSAT data (see Figure 3.21). In particular, during Jul - Sep 1998, long length
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Figure 6.11: Isotropic length scale of the model anomaly using simulated
ERS-2 data with t*o, :15 minutes for (a) July to September 1998 and
(b) January to March 1999.

scales appear in the eastern Pacific and along the southernmost latitude band.

ERS-2 is not as successful as GEOSAI at detecting the long length scales in the
Indian Ocean that are associated with the monsoon. Note from Figure 3.6(a) that
the longest length scales of the model anomalies are aligned towards the north-
east. The GEOSAT ground tracks more zonal than the ERS-2 ground tracks, so

the simulated GEOSAT data is more able to detect these longer scales.

For the second time period, there are again many similarities between the

distribution of L from simulated ERS-2 and GEOSAT data. Both satellites have

detected the longer scales in the North Atlantic - these are longer for GEOSAT
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than for ERS-2. On the other hand, the length scales in the Eastern Pacific are

longer (and so closer to the model anomaly length scales) for the ERS-2 data than
the GEOSAT data.

The difference, L¿¿¡¡, between the distribution of .L in Figure 5.11 and the

'true' ,L (see Figure 3.5) is shown in Figure 5.72 for each time period. L¿¿¡¡ is

Figure 5.12: L¿¡¡¡ for simulated ERS-2 data for (a) July to September
1998 and (b) January to March 1999.

defined here as:

Laüt:loo x t-P 
(5.s)

These difference maps are similar to the results from Chapter 3, i.e., the overall
impact of the ERS-2 sampling pattern is similar to the impact of the GEOSAT
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sampling pattern. The area where .L is underpredicted by the largest amount is

at low latitudes. It is not clear why this should be so. One possible reason could
be that the characteristics of the altimeter sampling pattern change with latitude,
and so this results in a different impact. Another possibility is that the impact of
the sampling pattern is dependent upon the 'true' Iength scale, and this in turn
varies considerably with latitude.

These two relationships, i.e., the relationship between L¿¿¡¡ and Lo¿¡-1s,n¿n ànd
the relationship between L¿¿¡¡ a,nd latitude are examined here. These are shown as

scatter plots in Figure 5.13. It can be seen that there are quite strong relationships
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Figure 6.13: L¿¿¡¡ as a function of latitude and Lo¿¡-15*¿n.

between the amount by which the ERS-2 sampling pattern underpredicts -L and
both of these factors. The value of the correlation between L¿¿¡¡ and Latt-t1min

is -0.52 and between L¿¿¡¡ and latitude is -0.40. The assumption here is that the
Iatitudinal effect is due to the changing pattern of the altimeter sampling with
latitude. This is the same in the northern and southern hemispheres and so in this
section, no distinction is made between northern and southern latitudes.

The inverse correlation between L¿¿¡¡ and Latt-t1min indicates that the larger the
estimated Lo¿¡,l,he smaller the amount by which the true .L is underestimated. The
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'underprediction' possibly even becomes negative, indicating that in general, when
the estimated Lo¡¿ is very iarge, then the true length scale has been overestimated.

There is also a negative correlation between L¿¿¡¡ and latitude, indicating that
the altimeter performs better at higher latitudes than at lower latitudes. This has

been touched on before: it is likely due to the fact that at higher latitudes, the
altimeter sampling pattern covers a wider range of angles and so there is more

opportunity to detect both longer and shorter length scales. At low latitudes, the
ground tracks are constrained within a small range of angles, and so the estimate

of Lo¿¿ is dependent on the anisotropy of the true correlation function and how the
ellipse is positioned relative to the ground tracks.

Figure 5.1a(a) shows a scatter plot of the comparison between Lo¿¿-15*¿n and
L. The comparison statistics listed in the figure show how the raw Løtt-L1min

compa,res to.L. These indicate that on average, Latt-L1m¿n is 110.2 km shorter than
,L with a standard deviation of 164.3 km. An appropriate adjustment to apply to

(o) (b)
2000 2000

Eð 1s00

EI
.E
E

I

00

00

5

0 000

500

.E

J)
!
C)

al
o500

0 0
0 500 1 000 1 500 2000

t /t \
L \Kf f r,/

0 500 1000 '1 500 2000
L (km)

Figure 5.14: (a) Scatter plot of L"¿¿-15*,,, versus .L, (b) Scatter plot of
adjusted Lah-r1min versus ,L.

Lart-r1min is sought based on both latitude (/) and La¡-t¡mi.n. The following simple

relationship is assumed:

L : ao * ató I e,2Lo¿¡-15^¡, (5.e)

Linear regression analysis yields:

+
+
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Lodj : 434.4 - 4.59ó * 0.607 L"¿t-t6min (5.10)
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These adjusted length scales are compared to .L in Figure 5.14(b). The comparison

statistics in this figure show that with this simple adjustment, the bias is eliminated
and the standard deviation is reduced to 729.5 km. Applying this adjustment to
Ldt_L1min results in the global distributions of the isotropic anomaly length scale

shown in Figure 5.15. These are considerably closer to the 'true' distributions of
the anomaly correlation length scale than those shown in Figure 5.11.

Figure 5.15: Isotropic correlation length scale over the globe from simu-
lated ERS-2 altimeter data adjusted according to Equation 5.1-0 for (a)
July to September 1998 and (b) January to March 1999.
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6.2.3 Results

Length scale

Applying the correction found in the previous section to the length scales of the
model error shown in Figure 5.10 provides the final result shown in Figure 5.16.

It can be seen from this figure that the scale of the model errors does vary quite

Figure 5.16: Isotropic model error correlation length scale over the globe
from ERS-2 altimeter data adjusted according to Equation 5.10.

significantly over the globe, with a strong latitudinal dependence, ranging from
around 300 km at the highest latitudes to over 600 km at the equator in the
Indian and Atlantic Oceans and 750 km in the Pacific.

A general explanation of these results could be as follows. \Mind waves are

generated in the high latitudes, where the winds are generally stronger. The
spatial extent of the wave systems is relatively small when they are generated. As

they propagate towards low latitudes and become swell, they disperse and thus

their spatial scale increases. If these swell systems are incorrectly modelled in

latitudes. Examples of incorrect generation of swell could be that the wind speed is

biased low and thus the amplitude of the swell is underpredicted, or the direction of
the winds is incorrect and thus the swell propagates in the wrong direction. There

could also be errors in the propagation of swell within the wave model, even if the
forcing winds are accurate. In Chapter 7, an approximation to the geographical

distribution of ,L based on latitude alone will be tested.
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It should be noted here that although none of the studies described in Chapter
2 specifically incorporated geographically varying background errors, some of the

studies (e.g. Lionello et al., 1992; Lionello eú aL, 1995) defined the length scale

of the background error correlations as a function of degrees, or model gridpoints,
rather than kilometres. This means that the model errors are defined to have a
larger spatial scale at low latitudes than at high latitudes. Interestingly, the re-

sults presented here show that a background error correlation length scale defined

in degrees is likely to represent the global distribution of model errors more accu-

rately than one for which .L is defined in kilometres. Note also that if the length
scale is defined in degrees, then this introduces an element of anisotropy, with the

correlation function becoming more anisotropic at higher latitudes.

It is interesting to compare these results with the background error correla-
tion matrix that is currently used operationally at the BoM. The current BoM
implementation is that described in Greenslade (2001), namely:

P*i:*, 
1-å 

(ry)'l (b11)

with tr : 300 km. This value was chosen based on the results of verification tests

using three different values of I (300 km, 500 km, and 700 km). This correlation
function is plotted as the dashed line in Figure 5.17. The new definition of P¡¡ is:

P,"i:(.ry) .*ol+^l r"rl
with tr varying as in Figure 5.16. This new correlation function is also plotted
in Figure 5.17 for two different values of -L: 200 km and 500 km. It can be

seen that the current operational implementation is closest to the proposed new

implementation f.or L : 200 km. Examination of Figure 5.16 however, shows

that model errors on this small scale do not occur in any geographical region. A
more appropriate value for the length scale of the model errors at mid-latitudes is

-D : 500 km. This is also shown in Figure 5.16.

It is not clear why the the earlier assimilation study found that a relatively small
value of .L provided the best results (i.e., lowest rn'ts ercor in SWH when compared

lo i,n si,tubttoy observations.) One possible cause for the discrepancy is that the
model and observational error variances used may have been inaccurately specified.
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Figure 5.17: Comparison between current operational model error corre-
lations and results found in this chapter.

Another is that the verification sites used in Greenslade (2001) rvere around the
Australian coast, and therefore in areas of relatively small L. In addition, one of
the time periods examined in the earlier study was outside the 4-year time period
examined here. It is possible that the error characteristics of the wave model
during this alternative time period were different to that found here.

The SWH flelds considered in this chapter are hindcasts - that is the wave model
is forced with winds form the data assimilation cycle of the atmospheric model, but
no rù/ave data assimilation is included. Since no ongoing corrections are being made
+^ +ì^^,,,^,,^ C^ll- +Li- *^^-- +1.^+ +1^^,, ^-^ ^^-^-+;^ì1,,,,^*,, ì^-- +^-* f^*^^^-+-uv ullu vv@vL rrLruÐ, urlrù rlruorlù ulrau uuu.y aru uùùLrrulüLLJl vwL,y ¡urr6 uçrrrr rvrçuúJUD,

albeit forced with 'analysed' winds. In an operational data assimilation system,

the required covariances (i.e., error correlation length scales and error variances)

are those which describe the background errors at three hours, or the time interval
at which data is inserted into the model. The distribution of the background error
correlation scales presented in Figure 5.16 describes errors occurring in very long
range forecasts. So the results found using this method do not exactly represent

what is required in an assimilation system. This will be addressed by applying the
'NMC method' to modelled wave fields in Chapter 6.

There are grounds for expecting seasonal variability in the model error corre-
lations. In ocean models, for example, it is often assumed that the spatial scale

of the model errors is similar to the signal or to the climatological anomaly (Oke

Operotionol

New L:200 k

New L:500 k
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et al., 2002). Applying this to wave models, this suggests that in areas where

the SWH varies on small spatial scales, the model error would also be expected

to vary on small scales (i.e., small .L). Therefore it might be expected that the

region of shortest correlation scales would vary seasonally, shifting to the winter
hemisphere where there are more small-scale storms. The length scales for each

season are shown in Figure 5.18, where each panel represents the average over the

same season in each of the four years. These length scales have been adjusted

according to Equation 5.10. The most obvious feature of Figure 5.18 is that the

Jon - Mor Apr - Jun

Jul - Sep Oct - Dec

Figure 5.18: Average model error correlation length scale for each season
These length scales have been adjusted according to Equation 5.1-0.

length scales in the equatorial Pacific are slightly longer during Oct - Dec than
during the other seasons. However, examination of the length scales for the indi-
vidual seasons showed that this is due to one particular season (Oct - Dec 2000)

rather than being a general trend. In general, there is very little seasonal variation
in the length scales. For example, the 400 km contour level in the southern hemi-

sphere occurs at approximately 50'S during all seasons. In addition, the size of the

region where the length scales are greater than 600 km in the Pacific Ocean does

not vary significantly between the four seasons. Seasonal variability in the back-
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ground errors of the atmospheric model used to force these modelled wave fields

(see Appendix A) has also been examined. The background errors were investi-
gated via ensemble methods (see Section 2.2.3) and showed no systematic seasonal

variability (R. Seaman, personal communication). This reinforces the conclusion
that there is little seasonal variability in the wave model errors.

Climatological anomalies of SWH \Mere examined in Chapter 3. If the model
error is really proportional to the climatological anomaly, then one would expect

to see similar geographic and seasonal distributions. For example, a signal that
stood out strongly in the anomalies was the Indian Ocean monsoon (see Figure
3.5(a)). During Jul - Sep 1998, the climatological anomaly had large spatial scales

in the northern Indian Ocean which r,r/ere associated with the monsoon. However,

in Figure 5.18 there is no indication of longer length scales in the northern Indian
Ocean in panel (c) than in any of the other panels. This implies that these large
spatial signals occur in both the model and the observations and therefore not the
model error. This is further evidence that setting the model error correlations to be
proportional to the model anomalies will not always result in accurate estimates
of the model errors. Overall, these results suggest that it is not necessary to
implement a model error correlation function that varies seasonally.

It is also interesting to examine how the correlation length scales vary from
year to year. This is shown in Figure 5.19. One might expect a change in the
structure of the model errors when the wind forcing changes characteristics in
April 2001. For example, if the wind forcing includes shorter scales, then the total
wave model error may include error on smailer scales also. However, as can be

seen from Figure 5.19 there is again very little difference in the spatial scale of the
model errors frorn year to year. This suggests that the increased frequency and
resolution of the wind forcing does not have a significant impact on the spatial
scale of the errors in the wave model.

The lack of seasonal and year-to year variability in the correlation length scales,

however, may be associated with the fact that the modelled wave fields examined
in this chaptcr arc csscntially long-tcrm',¡/a,vc forccasts. Sincc thc modcllcd wavc

fields are not being corrected during the four-year period, it is likely that there is
always a degree of remotely-forced error at all locations in the wave fields despite

the season. This is discussed further in Chapter 6.
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Apr '1998 - N/or 1999 Apr 1 999 - Mor 2000

Apr 2000 - Mor 2001 Apr 2001 - Mor 2002

Figure õ.19: Average model error correlation length scale for each year.
These length scales have been adjusted according to Equation 5.10.

Error variances

The magnitude of the model and observational errors is now considered. In par-

ticular, the model error variance Eþ and the observation error variance Ezo are

estimated. As discussed in section 5.2.L, Equations (5.3) and (5.5) can easily be

solved for E2B and E2s. However, recall that even the best-flt function for curve 3

often has a large error at the zero-intercept (see, for example, Figure 5.8). This
means that the estimate of ,Ro will be inaccurate, resulting in inaccurate esti-

mates of the error variances. A better approximation for Ro in Equation 5.3,

and the value used here, is the value of the correlation in the 0 to 10 km bin
for each case. Another point to note is that while the calculation of the variance

+D{:r@-W is trivial for an individual season, it is not trivial for the case

of several seasons averaged together. If stationarity is assumed, then (On - B*)'
should not vary in time. Then it is not difficult to show that, for example, for two
seasons, if K1 is the number of locations at which multiple observations occur for
seâson 7, Kz is the number of locations at which multiple observations occur for
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(5.13)

This can easily be extended to the general case of ly' seasons.

Thus for any particular time period of interest, the method for determining the
model and observation error variances is as follows:

Step 1: For each 20o box, calculate the average correlation over the desired num-
ber of seasons.

Step 2: Determine -Re, the value of the average correlation in the 0 to 10 km bin.

Step 3: Calculate EA + E/ according to Equation 5.13.

Step 4: Solve Equations (5.3) and (5.5) for Eþ and E2o.

The results for the model error variance for the entire four-year time period are

shown in Figure 5.20. The model error variance ranges from less than 0.2 m2 at low

Figure 5.20: Average model error variance (m2) over the entire four year
period.

latitudes to around 0.8 m2 in the Southern Ocean with other peaks in the North
Pacific and North Atlantic of around 0.7 m2. Comparing this to the mean SWH
in Figure 5.5, it can be seen that the model error variance has a similar global

distribution to the SWH, as would be expected. However, the maximum model

(t'" * ø'") ,: h @, @A + E'") , t K, (tA * Er) 
")



error variance occurs at the southernmost latitudes, rather than at 50oS, where

SWH is highest. One explanation for this could be that the altimeter data is of poor
quality near the ice edge, but this can be discounted because the observational error

variance has been taken into account. (Note that systematic errors in observations,

that may occur in altimeter data near the ice edge, are likely to results in a higher

observationai error variance). Another explanation could be that the quality of
the modelled winds at these southernmost latitudes is low. This will be discussed

further in Chapter 6.

It can also be useful to consider the total rn'ùs error. The rms error, in modelled

SWH at location 7 is defined as:

@¡-r) (5.14)
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rrns:

This can be expressed as:

rn'ùs' : variance * bias2 (5.15)

The bias in modelled SWH has already been determined (see Figure 5.4) by com-

paring the modelled wave fields with the ERS-2 SWH, which is assumed to be

unbiased. Therefore, the value of the average model SWH rn1,s etror over the en-

tire 4-year period is easily calculated and is shown in Figure 5.2I. It can be seen

Figure 5.21: Average model rms (m) error over the entire four year period.

that around the Australian coast, l,he rms error ranges from 1.1 m in the Great
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Australian Bight to less than 0.4 m in the Arafura Sea. These values are slightly
Iarger than those of the ongoing operational verifications of AUSWAM against
buoys around the Australian coast. For example, typically, the ryns error of the
global analysed SWH at Strahan on the west coast of Tasmania (see Appendix
B) is around 0.7 m (National Meteorological Operations Centre (NMOC), 2001).

These differences are possibly because the operational global implementation of
AUS\MAM includes the assimilation of satellite data. In addition, Figure 5.21 rep-
resents the average rn'Ls value over a 20o box, whereas the operational verification
values are comparisons of individual gridpoint estimates of SWH with buoy data.

The error variance of the ERS-2 FD SWH (E2s) over the four-year period is

shown in Figure 5.22. It is significantly lower than the model error variance, being
Iess than 0.2 m2 everywhere. Since the adjusted ERS-2 observations are assumed

Figure 6.22: .þ¡verage ERS-2 error variance (m2) over the entire four year
period.

unbiased, the rms error is therefore just the square root of the error variance,

giving values ranging from 0.3 m to 0.4 m over the globe. In Chapter 4 it was

concluded that the rrns eïrot of the ERS-2 FD SWH was approximately 0.2 m
when compared to buoy data. A discussion of the relationship between these two
estimates of the observational error is given in Section 7.2.7.

As with the error correlation length scales, the temporal variability of the er-

ror variances can be examined. The seasonal variability of the model and ERS-2

error variances are shown in Figures 5.23 and 5.24 respectively. As one might ex-



5.2. Isotropic Conelations 111

Jon - Mor Apr - Jun

Jul - Sep Oct - Dec

Figure 5.23: Average model emor variance (m2) for each season.

pect, the error variance of the model varies quite considerably on a seasonal basis.

In general, the pattern follows the pattern of SWH, so that during the northern
hemisphere winter months (Oct to Mar) the highest error variance is found in the
northern hemisphere and during the southern hemisphere winter months the pat-
tern reverses, with the highest error variance occuring in the Southern Ocean. A
similar pattern occurs in the seasonal variability of the ERS-2 error variance. In
particular, note that areas where E'zo > 0.2 m2 appear only in the winter hemi-

sphere.

The year-to-year variabilities of the model and ERS-2 error variances are shown

in Figures 5.25 and 5.26 respectively. Recall that the length scale of the model

error correlations was not found to vary significantly from year to year, despite the
change in the characteristics of the wind forcing. Examination of Figure 5.25 shows

that there is a signifrcant reduction in the magnitude of the model error variance
during the final year, April 2001 to March 2002. During the first three years, the
highest Eþ in the North Pacific is greater than 0.8 m2, but this is halved in the
final year. Similarly, Eþ in the Southern Ocean is reduced from 0.8 m2 to 0.6 m2.

It was seen in Figure 5.4 that the changes to the wind forcing fields had a negative
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Figure 5,24: .þtverage ERS-2 error variance (m2) for each season.

impact on the wavei model bias. This is probably due to the smoothing in time of
the wind fields. It can be seen there, that these same chânges to the winds have a
positive impact on the wave model error variance and this is probably due to the
increased frequency and resolution of the wind forcing. There should not be any
year-to-year variability in the ERS-2 error variance, since the observation errors

are completely indepenclent of an;r changes in the model formrrlation. Figure 5.26

shows that in general, this is true. In particular, note that the position of the 0.1

m2 contour line in all ocean basins is consistent from year-to-year.

5.3 Anisotropic Correlations
Anisotropic model error correlations are now considered. These are calculated as in
Section 3.2.2by considering correlations along ascending and descending altimeter
grountl Lracks separately. As wilh the isotropic correlations, it is necessary to
average correlations from multiple sea,sons together to obtain correlation functions
that tend towards zero at long spatial lags.

The procedure is similar to that followed in Section 3.2.2. For each 20' box
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Figure 5.25: Average model error variance (m2) for each year.

and each season, the set of error correlations as a function of distance and angle

is divided into two groups: correlations along ascending ground tracks and cor-

relations along descending ground tracks. Correlations from multiple seasons are

then averaged together as in Section 5.2 and also averaged into 10 km bins. Then

the curve fitting procedure is applied to the ascending and descending groups sep-

arately to determiîe Lo". and L¿""". Only Curve 3 in Equation 5.7 is considered

here. The ascending (descending) angle is defined to be the average angle between

all data-pairs along ascending (descending) ground tracks. Figure 5.27 shows an

example of the average correlations along ascending and descending ground tracks

for the four April to June seasons within a 20o box in the Indian Ocean. For

this particular case, Lo". : 325 km and L¿.".: 190 km. This means that, for
example, if the modelled SWH differs from the ERS-2 SWH at a particular point

within this box, then the modelled SWH at a point ø km away in the direction
of the ascending track is more likely to differ from the ERS-2 SWH than a point

r km away in the direction of the descending track. Note that the correlations at

long spatial lags are noisier than the isotropic correlations for the same number of
seasons (see Figure 5.7 (e)). This is because there are norv only half the number
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Figure 5.26: Average ERS-2 error variance (m2) for each year.

of ground tracks in each group.

As in Chapter 3, an ellipse can easily be constructed given the two length sca,les

and two angles. Figure 5.28 shows the ellipses for all sixteen seâsons averaged

together. Over most of the ocean, it can be seen that the ellipses are close to
circles. This may indicate that the orientation of the altimeter ground tracks is

^.,-L lL^+ +L^ ^-:^^t--^^,.:-. rL^ --.^-.^ 4^Il-:- -:-^l-. -.^+ ^^-^l^l ^l^^,,^¿^1,- ^-DrrLlr Llr¿u blru ¿lrrùuuLuPy IIr utttr w¿avu llul(rù rD ùrurPIJ lrLru Daar.¡.tPruu d.,ucrlu(ÙuclJ, aab

suggested in Section 3.3.1. One the other hand, if the ellipses in Figure 5.28 are

assumed to be representative of the background errors, then this can mean one of
two things: either the background errors are generally isotropic or the background
errors are anisotropic, but over the four years, there is no dominant direction for
the longest scales. To provide a better idea of whether any persistent anisotropy
exists in the model errors, the shaded areas in Figure 5.29 show regions in which
one of the length scales (from Figure 5.28) is at least 25Tolaryer than the other. It
can be seen that over a, large portion of the North Atlantic Ocean the model errors
are somewhat anisotropic. The most persistently anisotropic area occurs to the
south of Australia. This is likely to have an impact on data assimilation schemes

for the Australian region.
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Figure 5.27: Average correlations along ascending and descending ground
tracks within the 20' box centred at (70"8, 40"S) (see Figure 3.2) for
the four Apr-Jun seasons.

5.4 Summary

In this chapter, background errors of a global wave model have been examined

by considering the difference between AUSWAM S\MH fields and ERS-2 altimeter
observations of SWH over a four year period. The ERS-2 data can be assumed to
be unbiased, and this provides an opportunity to examine the bias in the modelled

SWH on a global scale. Changes in the distribution and magnitude of wave model
bias were found to coincide with changes in the characteristics of the wind-forcing
fields. In general, the largest (negative) biases in SWH were found to occur within
a latitude band at 30'S to 40"S.

Isotropic error correlations for 3 month time periods were calculated over the
globe within boxes of side length 20o in latitude and longitude. The correlations
were fit to auto-regressive curves to determine the length scale of the background
error. A correction to the length scales that depended linearly on latitude and on

the calculated length scale was determined. It was found that the length scale of
the background error varies considerably over the globe, with the longest scales

at low latitudes and the shortest scales at high latitudes. Very little seasonal or
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Figure 5.28: Anisotropic error correlations constructed from ascending
and descending ground tracks for all sixteen seasons averaged together.

year-to-year variability rù/as detected in the background error length scales.

The magnitude of the model and observational error variances can be estimated

with the assumptions that the ERS-2 observations are spatially uncorrelated, and

that the background and observational error variances are not correlated with each

other. The average model error variance over the four year period was found to
range from 0.2 m2 at low latitudes to 0.8 m2 at high latitudes. The error variance

in ERS-2 SWH was less than 0.2 m2 giobally. There was found to be considerable

seasonal variability in both the model and observational error variances. In general,

the error variances have similar global clistributions to that of SWH. There was

found to be little year-to-year variability in the observational error variance, but
the background error variance decreased substantially *i¡n increased frequency

and resolution of the wind forcing fields.

The background errors along ascending and descending ERS-2 ground tracks

were examined separately. This indicated that anisotropy is likely to be important
for the region to the south of Australia and to a lesser extent in the North Atlantic
Ocean.
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Chapter 6

Background Error Correlations
using the 'NMC method'

In this section, an alternate method is used to examine the wave model error cor-

relations, namely, the 'NMC method'. Despite the drawbacks to the method that
have been discussed in Chapter 2, there are some issues that could not be ad-

dressed properly with the comparison between modelled SWH frelds and altimeter
data in Chapter 5. In particular, the modelled wave fields examined in Chapter

5 were essentially long-term forecasts, and what is needed in a data assimilation

system is a description of the errors in short-term forecast wave fields. This sug-

gests that an examination of the wave model errors using the 'NMC method' may

prove worthwhile. Because of the issues associated with this method, only a brief
application of it is presented here. In particular, the background error variance

and isotropic correlation scales are examined, but anisotropic correlations are left

for future work.

6.1 Method
In this chapter, 4 years of global wave model forecasts are examined. The time
period considered is the same 4 year time period that has been examined in the

previous chapter (April 1998 to March 2002). Ideally, these forecasts would be

obtained from a wind/wave system that does not include any changes in imple-

mentation (e.g., spatial resolution) over the time period. However, forecasts were

not made during the 4-year hindcast run described in Chapter 5 and so operational

119
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wave model forecasts are used here. The global wave model output used is that
produced operationally and archived every 12 hours at the BoM (See Appendix
A).

Minor upgrades and bug fixes are, by necessit¡ frequently implemented in any
operational prediction system. It is expected that these frequent minor changes

would not have a major impact on the structure of the wave model errors. How-
ever, over the 4-year period considered here, several major changes in both the
atmospheric model and the wave model were implemented. These are described
in Appendix A.

In this chapter, SWH forecasts valid at all forecast time periods (l2-hour fore-

casts (t+12), 24-hour forecasts (f+24), up to 96-hour forecasts (t+96), where
available) are compared to the appropriate analysis (i.e., t : 0), in order to ex-

amine the variability of the background errors with forecast period. In addition,
48-hour forecasts are compared to 24-hov forecasts over the 4 years. Correlation
length scales of the background error are calculated in the same manner as in the
previous chapter, i.e., Equation 5.1 is computed over 3-monthly time periods and
20o boxes globally. In this case, the time average represented by the overbar is the
time a-'¡erage over all matching pairs of model fields at L2-hourly intervals within
the 3-month time period. The temporal mean SWH is removed at each grid-point
to ensure that the difference fields are unbiased. The curve fitting procedures are

applied to the 3-monthly correlations and also to correlations over longer time
periods, obtained by averaging the 3-monthly correlations together before fitting.
In this section, only Curve 3 in Equation 5.7 is tested. Background error variances
are also calculated (E2"it Equation 5.4). In this case, K is the number of model
gridpoints within the 20" box and, as for the correlation function, the time average

represented by the overbar is the time average over all pairs of l2-hourly model
fields. In this chapter, B represents a SWH forecast field and O is the verify-
ing field valid at the same time, which will be either the analysis or the 24-}ro:.

forecast field.
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6.2 Results

6.2.L Forecast Period

The impact of the length of the forecast period is considered first. In particular,

forecasts of different ranges are compared to the analysis. Results for the year April
2000 to March 2001 are shown in Figure 6.1. This particular year was chosen as

there were no major changes to the global operational atmospheric system or wave

model during this time period (see Figure A-1). However, it should be noted that
wave data assimilation 'ü¡as included in the wave forecasting system during this

time period. This meâns that variability with a length scale of approximately 200

km was being inserted into the analysis. It is difficult to know exactly what the

impact of this would be. It is briefly considered in Section 6.2.2.

Figure 6.1 shows plots of the correlation length scale .L, i.e., al in Curve 3 in
Equation 5.7. The results in this figure can be compared to the corresponding

iength scales obtained using the observational method (see Figure 5.16 in Chapter

5). It can be seen that the distribution of global correlation length scales obtained

from the forecast differences is in general quite similar to that obtained from the

observational method. In particular, for both methods, the longest length scales

occur in the equatorial Pacific and Atlantic - just north of the equator in the

western Pacific and just south of the equator in the eastern Pacific and Atlantic.
On the other hand, the distribution of spatial scales in the Indian Ocean obtained

via the two methods is slightly different. In Figure 5.16, the longest scales in
the Indian Ocean occur near the equator, whereas in 6.1 this maximum does not

appear.

Another noticeable feature of Figure 6.1 is that the correlation length scales

become larger everywhere as the forecast period increases. This has been shown

to be true for atmospheric systems also. For example, Bengtsson and Gustavsson

(1971) show how the spatial scale offorecast error autocorrelation of 500 mb geopo-

tential increases as the forecast period increases. In other words, for short-range

forecasts, rirost of the error is in the short scales while longer range forecasts have

increasing errors in the larger scales. The trend towards larger spatial scales for

longer forecast periods seen in Figure 6.1 may be due to this trend occurring in the

wind fi.elds and being transferred into the wave frelds. This could be investigated

further by examining the correlation scales of the surface winds. This will be left
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Figure 6.1: Average model error correlation length scale for the year
April 2000 to March 2001. tt2 - t0 represents the difference between
the l2-hour forecast and the analysis, t24 - t0 represents the difference
between t}ae 2[-hour forecast and the analysis, etc.

for future work.

In wavc modcls, thcrc is another simple physical explanation. Errors in SWH
that exist in the analysis or arise in the forecasts (either due to errors in the wind
forcing or errors internal to the wave model) propagate forward in time. As they
propagate, they disperse and become swell errors. Thus the differences between
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forecast and anaiysis will occur on larger scales. In other words, the errors existing

in the SWH fields at longer forecast periods are more dominated by swell than
the errors at shorter forecast periods. This has implications for the conclusions

obtained using the observationai method in Chapter 5. Note that the magnitude

of the length scales in Figure 5.16 is larger than that of even the 96-hour forecasts

in Figure 6.1. As was discussed in Chapter 5, the SWH fields considered in that
chapter are essentially very long term forecasts, albeit forced with hindcast winds.

The results shown in Figure 6.1 confirm the hypothesis that the length scales

calculated from the modelled wave frelds in Chapter 5 contain a large amount of
long-term, or remotely-forced error.

The magnitude of the background error variance for two different forecast

ranges versus the analysis is shown in Figure 6.2. These plots represent the av-

erage error variance over the year April 2000 to March 2001. For each 20o box

(o)

Figure 6.2: Mean error variance (m2) during the year April 2000 to March
2001 for (a) the difference between L2-hour forecasts and the corre-
sponding analysis and (b) the difference between 96-hour forecasts and
the analysis.

there are the same number of model gridpoints in any time period. In addition,
there are approximately the same number of time levels for each 3-monthly time
period. So it is possible to obtain variance statistics for time periods longer than
three months by simply calculating the arithmetic mean of the variance from in-
dividual 3-monthly time periods (bearing in mind that this procedure assumes

stationarity). The distribution of the background error variance shown in Figure

6.2 is similar for the 12-hour forecasts and the 96-hour forecasts. Maximum error

variances occur in the North Pacific and at around 50'S in the Indian Ocean sector

of the Southern Ocean. These are the areas where SWH is generally highest (See
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Figure 5.5). The error variance in Figure 6.2(a) describes the difference between

l2-hour forecasts and the analyses. This means that there will be no long-term
remotely-forced error in the difference fields. In other words, the error variances in
Figure 6.2 can be thought of as the error variance of the local wind-sea component
of the wave field.

These results can be compared to the results of Chapter 5. The area of max-
imum background error variance found in Chapter 5 was at the southernmost
Iatitude band (see Figure 5.20). It was suggested in that chapter that this was due

to the poor quality of the atmospheric winds at the southernmost latitudes. If this
were true, then this high error variance should also appear in the results of this
section. However, it does not appear in Figure 6.2 and this suggests there may be

another explanation. The SWH fields examined using the observational method
of Chapter 5 were from a long-term hindcast. As has been discussed previously,

this means that the error at any point consists of long-term remotely-forced error
in addition to the error in the local wind-sea. Since the largest error variance in
SWH does not appear at the southernmost latitudes in Figure 6.2, this suggests

that the errors in the southernmost latitude band in Chapter 5 consist mainly of
error in remotely-forced swell systems.

As can be seen in Figure 6.2 the magnitude of the error variance for the 96-hour
forecast is approximately 10 times larger than that of the 12-hour forecast. This
can also be seen in Figure 6.3 where the average error variance over the the globe is
shown for each forecast period at 12-hourly intervals. (Again, note that calculating
the arithmetic mean of the variance over the globe assumes homogeneity, and
La:-.,-^ 

^ 
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variance should increase with time until it reaches the level of climatological error
variance (Daley, 1991). It can be seen that while the error variance does indeed

increase with time, there are no signs of it asymptoting within this time period.

This implies that there is stiil significant skill (compared to climatology) in the
96-hour wave forecasts. The error in wave forecasts will consists of error in the
wind-sea component of the spectrum and error in the swell component. The swell

error grows slowly (in magnitude) while the wind-sea error grows more rapidly
because it is coupled to a rapidly growing error in the surface winds. This wind-
sea component of the error will be important only in areas where wind-seas are

dominant, and this is generally only over about 25% of the ocean surface (see, for
example, Greenslade (2001)). This explains why the wave model can have skill far
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Figure 6.3: Spatial average of the error variances (m2) in Figure 6.2 for
all forecast periods.

into the future (compared to atmospheric models).

As mentioned previously, a data assimilation system requires the value of 82"

which is appropriate for the time interval at which data is inserted into the model.

Fbom Figure 6.3 the appropriate spatially averaged value at three hours is approxi-

mately 0.02 m2. However the values shown here represent forecast error divergence

- the appropriate value would be 0.02 m2 only if the analysis were perfect.

Comparison of Figure 6.2 with Figure 5.20 indicates that the background error

variance from the observationai method is considerably smaller than the 96-hour

forecast divergence. On the one hand, one might expect that the magnitude of the
errors obtained in Chapter 5 would be larger than the 96-hour forecast divergence,

because the results using the observational method describe longer term wave

forecasts. On the other hand, one might expect the errors from the observational

method to be smaller than the errors resulting from the'NMC method'. One reason

for this is that the winds used to force the wave modei for the observational method
were winds from the analysis cycle of the atmospheric model, i.e., they include data
assimilation and should therefore be of higher quality than the forecast winds.

In addition, the spatial resolution of the wave model used for the observational

method (0.5") was significantly higher than that of the operational wave model

during the year considered here (3'). The relative value of the background error
variance found using the two methods is a balance between all of these factors.
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6.2.2 Year-to-year Variability
In this section, the background error represented as the difference between the
48-hour forecasts and the 24-hotn forecasts (t48 - t24) is examined over the entire
four year period. The year-to-year variability of the correlation length scale of this
forecast divergence is shown in Figure 6.4. If forecast divergence is indeed equiv-

Apr 'l 998 - [/or 1999 Apr 1999 - Mor 2000

L (km)

0 1 00 200 300 400 500 600 700

Apr 2000 - Mor 2001 Apr 2001 - Mor 2OO2

Figure 6.4: Average model error correlation length scale for each year
calculated from the difference between 48-hour and 24.-}rour forecasts.

alent to forecast error, then the length scales of the t48 - t24 forecast divergence

for the year April 2000 to March 2001 should be similar to the f24 - t0 length
scales in Figure 6. 1 . It can be seen that the t24 - t0 scales are slightly shorter than
the t48 - t24 scales. This suggests that the spatial scale of the errors in the SWH
grorù/s more rapidly for longer forecast ranges, at least in the first 48 hours of the
forecast.

It can be seen that there is considerabie year-to-year variability in the length
scales shown in Figure 6.4. This is possibly due l,o iurpleurentaLion changes in Llie

operational wind/wave system during the time period. During the final year, the
Iength scales overall are substantially shorter than those of the other years. At
the beginning of the final year, the resolution and frequency of the wind forcing
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fields and the spatial resolution of the wave model increased. It is reasonable to
expect that increased resolution in the wave model would result in shorter error

correlation length scales (Desroiziers et al, 1995). It is also reasonable to expect

that the changes in the wind fields would result in shorter error correlation length
scales. For example, if the wind forcing includes shorter (in time) and smaller (in

space) scaies, then the total wave model error may include more error on smaller

scales and thus the length scale of the correlation would decrease.

However, in Chapter 5 it was found that there was almost no year-to-year vari-
ability in the length scaies obtained using the observational method, even when the

resolution and frequency of the wind forcing fields were upgraded. The spatial res-

olution of the wave model remained at 0.5o for the entire four year model hindcast

considered in Chapter 5. Thus it was suggested that the scale of the background

errors did not depend on the resolution of the wind forcing fields. Therefore, it
might be concluded here that the reduction in the spatial scale of the errors seen

in the final year in Figure 6.4 is due to the increase in spatial resolution of the

wave model.

However, the errors using the observational method include a considerable

amount of long-term and large-scale swell error. A possible scenario is that the

change to the resolution of the wind forcing fields does reduce the wave model error

Iength scales, but the fact that the SWH analysis is not updated means that there

is always a significant amount of swell error existing in the model and it is this
large-scale swell error that dominates the results of Chapter 5. It is therefore not
possible to say whether the decrease in the spatial scale of the wave model error

seen in the final year of Figure 6.4 is due to the change in wave model resolution

or the change in the resolution and frequency of the wind forcing fields. It is likely
to be a combination of both of these factors.

Another major feature of the year-to-year variability of the error length scales in
Figure 6.4 is the considerably longer length scales during the second year compared

to the other years. One reason for this could be natural interannual variability in
the surface winds and therefore also in the wave fields. For example, 1999-2000

was a strong La Niña year and this may have an impact on these results. This
may also be due to system changes, however. Data assimilation was introduced
operationally in August 1999 - about half way through the second year considered

here. It is expected that the error correlation scales would become shorter with
the introduction of data assimilation. This is because in an assimilation system,
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some of the swell errors should be corrected before they start to disperse. This
means that the wave model errors at any point should have a higher proportion of
locally generated wind-sea error to swell error and so the overall correlation length
scale of the errors should decrease.

Upon closer inspection of Figure 6.4, it can be seen that the length scales

during the second year are longer only at low latitudes. Over the rest of the
ocean surface, there is in fact very little difference between the spatial scale of
the errors during the first three years. A more robust evaluation of the impact of
data assimilation can be obtained by comparing the length scales during the first
year and the third year. This is shown in Figure 6.5. It can be seen that for the
most part, the spatial scale of the errors is larger during the first year, suggesting

Figure 6.5: Difference (km) between the t48 - t24 correlation length scales
during first and third years. BIue areas are where the length scales are
longer during the first year.

that the data assimilation scheme does reduce the spatial scale of the wave model
errors. In summary, although the correlation length scales a,re on averâge shorter
in the third year (during which w data assimilation is included for the entire
time period), the overall year-to-year variability in the length scales suggests that
it is difficult to draw any major conclusions from these results.

Figure 6.6 shows the average background error variance for each year. The
global distribution of the error variance is similar to that seen in Figure 6.2, with
the largest errors occurring where the highest SWH occurs. There does not appear
to be any significant decrease of the error variance with the introduction of data
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Figure 6.6: Average background error variance for each year calculated
from the difference between 48 and 24-hour forecasts.

assimilation (as one would expect - this is forecast divergence, not total error).

However, the error variance does decrease in the final year, along with the increase

in the resolution of the wave model and the forcing winds.

Again, the t48 - l24vahrcs here can be compared to the f24 - t0 values in Section

6.2.I. If forecast divergence is equivalent to forecast error, then the spatially
averaged value of the mean error variance of the t48 - t24 f.orecast divergence for
the year April 2000 to March 2001 should match the 24-hour vaiue in Figure 6.3.

The mean error variance of the t48 - t24 forccast divergence during this year is 0.2

m2. This is double the 24-hour forecast error from Figure 6.3 (0.1 m2). This is a
similar result to that found for the spatial scale of the errors and suggests that the

error variance grows more rapidly for longer forecast ranges.

6.2.3 Seasonal Variability
As discussed in Chapter 5 there are grounds for expecting to see seasonal variability
in the background errors. Specifically, in winter, when there are more small-

scale storms, the errors in the short term forecasts might be expected to occur

<ììù,

.ù-
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on smaller spatial scales. With the observational method, there was found to
be almost no seasonal variability in the background error length scaies (see Figure
5.18). However, this may have been for the same reason suggested in Section 6.2.2.

Namely, the method used in Chapter 5 essentially examined long-term forecasts

and in these longer term forecasts, the SWH frelds will always have considerably
amount of long-term (and large scale) error at low latitudes - regardless of the
synoptic situation.

In a study of atmospheric variables, Rabier et aI., (1998) found that the forecast
error statistics were very stable with season. For the case of SWH, it is not clear
what, if any, seasonal variability might be expected in the forecast divergences.

On the one hand, one might expect smaller scale errors in the winter hemisphere,

for the reasons outlined above. On the other hand, the opposite is also possible

- where there are more smali-scale storms, there is more opportunity for errors
generated there to become swell errors and thus the errors in the forecasts might
occur on larger spatial scales. In 24 hours (i.e., 48-hr - 24-hr), the lowest frequency
modelled swell will be able to propagate a distance of around 1600 km. This is
shorter than the meridional extent of a 20o box, so with this effect, the length
scales should increase locally, i.e., at the latitude of the swell generating areas.

Figure 6.7 shows the average background error correlation length scale for each

season. In this case, only the first three years are included in each panel. This
is because of complications with averaging together correlation functions which
are calculated from wave model fields of differing spatial resolutions. Specifically,
correlations are always averaged into 10 km bins before the fitting procedure is
applicd. With thc 3o wavc modcl fields of the first three yea,rsT the first distance
bin will be at approximately 300 km, whereas with the 1' modelled fields of the
final year, there will be bins at around 100 km and 200 km also. When these

correlations are averaged together 'bin-wise', then approximately two-thirds of the
bins will include correlations from only the final year, while the remaining third of
the bins will represent average correlations over all four years. The curve-fitting
procedure would therefore be biased towards the correlation values of the final
year.

Overall, little difference can be seen between the distribution of the length scales

during the Jan - Mar, Apt - Jun and Oct - Dec seasons. However, substantially
longer length scales are seen in the equatorial Pacific and Atlantic during the Jul
- S"p season. This is unlikely to be due to extra swell errors during southern
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Figure 6.7: Average background error correlation length scale for each
season.

hemisphere winter because as discussed above, the impact of errors of that type
would be seen at the latitude of the swell generating areas. Inspection of the length
scales for individual seasons shows considerable variability between all the three

month periods. It is likely that three years is not a long enough time period to be

able to draw conclusions on seasonal variability using this method.

Another point to note in Figure 6.7 is the existence of longer length scales in
the North Indian Ocean during Jul - Sep. This was not seen in the results from
the observational method, but this pattern is seen in the climatological anomalies

of Chapter 3. This trend is seen in all the individual Jul - Sep seasons, but not in
the other three-month time periods. This confirms the idea that this signal arises

from the local monsoon winds.

The seasonal variability of the background error variance is shown in Figure

6.8. Again, the global distribution of error variance is strongly correlated to SWH,

with the largest error variance occurring in the winter hemisphere. A discussion of
the relationship between these values and the values of background error variance

resulting from the observational method has been given in Section 6.2.I.

Apr - Jun
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Figure 6.8: Average background error variance for each season.

6.3 Discussion

As discussed earlier, the error structure that should be defined within a data
assimilation system is the structure of the background error at three hours (or at
the frequency of data assimilation). If the results from this chapter are used as a
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variance and the length scale must be scaled down to three hours. This is because

the background error length scale increases significantly with increasing forecast

period. Figure 6.1 suggests that at aforecast range of three hours, the appropriate
length scale is quite short. If a perfect analysis were produced in the assimilation
system then the correct error structure to use is indeed the forecast error structure
found in this chapter, which describes the magnitude and spatial scale of the
forecast divergence after 3 hours. However, the background error describes the
difference between the background and the truth, and this must include both
analysis error and forecast (or model) error. No analysis is perfect: even with data
assimilation most areas of the ocean are not updated every assimilation period. In
addition, the length scale and error variances defined in the assimilation system
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represent expected values and are unlikely to be correct at all times. This means

that there will always be some long-term or remoteiy-forcecl errors in the analysis

and thus also in the forecast. One solution to this problem would be to use a

combination of results from Chapter 5 (in which there may be too much remotely-

forced error) and results from this chapter (in which there is no remotely-forced

error). One way to conclude this is to think of the results that were presented in
Chapter 5 as an upper bound to the error structure of the background errors and

error variance and the results of this chapter as a lower bound.

Ideally, this method should incorporate an examination of the differences be-

tween model forecasts and observations, i.e., apply the obervational method to a
series of short-term (3-hourly) forecasts from a system that includes data assimila-

tion. However, as mentioned before, forecasts were not included in the 0.5' 4-year

wave model simulation. In addition, the many issues associated with examining

forecasts from an operational system (e.g., changes in model resolution, changes

in atmospheric model implementation, lack of archiving at frequent enough time
intervals) prevent conclusions to be drawn with any confidence from this approach.

However, useful information could be obtained via this method and so it is left for
future work.

6.4 Summary

In this chapter, the 'NNIC method' has been used to examine the structure and

magnitude of background errors in the wave model. The forecast error divergence

is used as a proxy for the short-range forecast error. It was found that the spatial
scale of the correlation length scale increases as the forecast period increases. This
may be clue to the spatial scale of the wind forcing flelds increasing with forecast

period. Another explanation is that the errors in the SWH fields at ionger forecast

periods are more dominated by srvell than the errors at shorter forecast periods.

The implications that this has for the results of Chapter 5 were discussed.

The spatial scale of the forecast error was found to decrease substantially after

April 2001. This is likely to be due to both increased frequency and resolution

in the wind forcing fields, and increased spatial resolution of the wave model. It
was not possible to make any confident conclusions about the seasonal variability
of the correlation length scales. However, it was shown that the magnitude of the
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error variance does vary with season. In addition, the global distribution of the
error variance found using the 'NMC method' was similar to that found using the
observational method.



Chapter 7

Evaluation of New Background
Error Structure

In previous chapters, it has been shown that the length scale of the background
errors in S\MH varies significantly over the globe, with the largest scales occurring

at low latitudes. It has also been shown that the background errors may be

anisotropic in places. This is quite different to what is currently defined for many

operational wave forecasting systems, in which the background errors are assumed

isotropic and homogenous.

In this chapter, new models for the structure of the background errors are

described, based on results of the previous chapters. These new models are tested

in a data assimilation system to determine whether they add any skill to the

system. They are compared to the data assimilation system that is currently
implemented operationally at the BoM.

7.t Data Assimilation
The wave model used is AUSWAM, described in Appendix A. In this chapter,
AUSWAM is implemented on a global grid at 1' resolution and 48-hour forecasts

are made every 12 hours over a period of a month. Each model run begins with
a 12-hour assimilation (hindcast) period starting from the previous analysis, and

output fields of integrated wave parameters (i.e., SWH, Peak Period (fò etc.) are

archived at 3-hourly intervals.

Restart files were created at 002 on May 1 2001 and the model was spun-up

135
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without data assimilation for one month. The data assimilation experiments were

then run for the month of June 2001. This month was chosen for the same reasons

as it was chosen in Section 4.3, namely, the winds were high temporal resolution
(the same as the current operational AUSWAM), and the ERS-2 and buoy data
available during this month were of a high quality.

During each 12-hour hindcast period, SWH observations from the ERS-2 al-

timeter are assimilated every 3 hours (excluding the initial condition). Ideally,
there would be observations available globally within each 3-hour period. How-
ever, the altimeter observes only a small portion of the ocean surface within three
hours. So one would not expect the data assimilation to produce a dramatic im-
pact on the forecast fields. ERS-2 data are bias-corrected according to Equation
4.I2 before assimilation. There is no 'super-obbing' of the altimeter observations,

i.e., there is no spatial averaging of the data. The altimeter data undergoes exten-
sive quality control by the method of cross-validation. This involves two stages.

Firstly, there is an initial check for error against the background fleld, followed by
a cross-validation check for consistency with nearby data (Young and Glowacki,
1ee6).

The first-guess, or background field from the wave model is combined with
the ERS-2 observations to produce the analysed SWH field. This is done via SI

and has been described in Chapter 2. Computational efficiency is improved by
thinning the data by using only every 1/100th observation, and performing the SI

100 times, so that all data is eventually used. The final analysed SWH field is the
arithmetic mean of the resulting 100 analyses.

'-FL^ -^-^-^r^-^ ll^^+ ^-^ ^l:,.^r^l L^r-.,^^t^ ^^^L ^-.^^-:-^-+:- +L:^ ^L^^r^- ^-^.IIrC Pdl¿nIrYûUlù trlldt drU iaUJuùtrç(r LTtt WUCII rJd,Lll Eã.IJUIltlIUIItr lll ulllù \,rrd,Ptrcl ôrc.

the magnitude of the observational error variance (of;6), the magnitude of the
background error variance (ol) and the background error correlation matrix (Pn¡).

The specific values used for these parameters are described in Section 7.2.

Once the analysed SWH has been determined, the next step is to adjust the
wave spectrum. SWH is proportional to t/E where -Ð is the integral of the wave

spectral energy over all frequencies and directions; thus, there is no unique method
of adjusting the wave spectrum to obtain the analysed SWH. AUSWAM uses the

'swell strategy', which has the constraint that the integral wave steepness remains
constant. This is achieved by shifting energy to different frequencies as the total
energy is adjusted. Specifically, at every model gridpoint where the analysed SWH
(H"") is different to the first-guess SWH (Hr),lhe analysed spectrum, F"*(f ,0),
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is obtained from the predicted spectrum, FoU,0) and the mean frequency of the
predicted spectrum, / as

F"n(Í,0): aFoU + Lf ,e) (7 1)

where
Ar_- /f-\ ^_r ^_(H",\'^r:r-\"-^) and ":\rrr) (7.2)

Note that since this involves a frequency shift, the frequencies at which energy

is defined in the analysed spectrum are likely to be different to the frequencies at

which the spectra are defined within the model. So a final step in the assimilation

involves interpolating the analysed wave spectra to the defined frequencies of the

wave model. To avoid shifting energy to frequencies beyond the frequency limit
of the model, the energy density at the lowest and highest model frequencies is

not altered during this step. In most cases, these values are zero. With this 'swell
strategy', there is no major impact on the dissipation source term in the wave

model, which in AUSWAM, is proportional to the square of the wave steepness.

7.2 Experiments

Models for of;*", of, and P¡¡ arc developed in this section. Specific model runs are

listed at the end of the section

7.2.L Observational Error Variance

Observational errors have been examined in Chapters 4 and 5. In Chapter 4, a
comparison of the ERS-2 FD observations with in si,tu wave rider buoy data found

that the rn'ì,s error of the bias-corrected altimeter data \Ã/as approximately 0.2 m.

These bias-corrected observations are, by defrnition, unbiased, and so the standard

deviation of the observational error is also 0.2 m.

In Chapter 5, estimates of the observational error variance were obtained from
the value of the correlation between ERS-2 SWH and the model SWH at a spatial
Iag of zero (see Section 5.2.3). These r,¡/ere average values expected within 20"

boxes over periods of 3 months. The month considered for the data assimilation

experiments in this chapter is June 2001, so the relevant values of the observational
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Figure 7.r: (a) Standard deviation (m) of the error in ERS-2 S\MH ob-
servations for Apr - Jun (b) Mean obser d SWH (m) for Apr - Jun.

error variance are those in the Apr - Jun panel of Figure 5.24. This is replotted as

standard deviation in Figure 7.1(a). It can be seen that oo6" is quite variable over

the globe and generally larger than 0.25 m. The different values resulting from the
two tcchniqucs uscd in Chaptcrs 4 and 5 arc prcdominantly duc to thc diffcrcnt
averaging periods and areas used. In Chapter 4, the altimeter data were examined
within 1o boxes and short time periods (less than a minute). In Chapter 5, the
altimeter data were considered over 20o boxes and 3 month time periods. These

observations will therefore include variability on larger space and time scales, which
will result in larger ues of the standard deviation. Another possible explanation
for the different values of oo6" resulting from the two techniques is that the buoys

used for verification are mostly situated in the low oo6" areas (e.g. Hawaii, U. S.

coast) of Figurc 7.1(a). In addition, thc obscrvations from thc buoys do havc somc

error, although it is generally considered to be small (Monaldo, 1938). So even

though the rms difference between the altimeter and buoy observations is 0.2 m,

the error in the altimeter observations may be larger than this.
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The value of oo6" that needs to be included in the assimilation scheme should

relate to the spatial and temporal scales at which the observations are inserted into
the system. For the experiments in this chapter, data assimilation is performed

every three hours and the observations are assumed simultaneous within this time
period. Within three hours, the ground tracks of the ERS-2 altimeter span the
globe and so very large spatial scales of SWH may be observed. The time scale

of three hours is intermediate to the two time scales considered in the previous

chapters (1 minute and 3 months), so it is not clear what value of oo6" should

be used. Another source of error is the assumption that the observations are

simultaneous within the three hour period. The existence of these sources of error
indicates that it is likely that the observational error is underestimated. Therefore,
the larger values provided by the results from Chapter 5 (the values in Figure
7.t(a)) will be used as an 'upper bound' to the observational error.

Figure 7.1(a) suggests the possibility of setting r,6, to be dependent on latitude.
However, it is more likely to be a function of observed S\ /H, which in turn is
generally strongly correlated with latitude. The distribution of oo6" in Figure
7.1(a) can be compared to the mean observed SWH over the four Apr - Jun seasons,

which is shown in Figure 7.1(b). A similar pattern appears with the lowest values

of SWH occurring at low latitudes and highest values at high latitudes in the

Southern Hemisphere. This information is shown as a scatter plot in Figure 7.2.

Each cross on this figure represents one 20o box. The current BoM operational
value (oou":0.5 m) and the value found in Chapter 4 (oor":0.2 m) are also shown

on this plot. It can be seen that the current operational value is generally too high.

As one might expect, the standard deviation of error in observed SWH increases

for higher SWH. Holever, there is also an increase in the error at lower SWH,
with the minimum error occurring at approximately 2 m. This is a reflection of
the problems that altimeters have observing low SWH (see Chapter 4). A simple

two-branched linear model was applied to these data and the best-fit was found

to be:
aobs:0.54 - 0.14 SWH for SWH ( 2'0m
oobs:0.15 + 0.06 swH for swH > 2.0m (7'3)

These fits are shown by the solid lines in Figure 7.2. This analysis was also

performed for the Jul - Sep time period ancl the resulting best-fit lines were very
similar. This suggests that the relationship in Equation 7.3 is time-independent.
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Figure 7.2: Standard deviation of the error in ERS-2 SWH observations
for Apr - Jun as a function of mean observed SWH for Apr - Jun.
Dashed line represents the current operational value. Dotted line rep-
resents the value found in Chapter 4,

7.2.2 Background Error Variance

The magnitude of the background errors has been examined in two previous chap-

ters: Chapter 5 and Chapter 6. In Chapter 5 estimates for the background error
variance were determined concurrently with the estimates for observational error
variance by considering the value of the correlation of the difference between ERS-2

observations and modelled SWH at a spatial lag of zero. In this case, the relevant

values of. o| arc in the Apt - Jun panel of Figure 5.23. This is replotted as standard

deviation (or) in Figuie 7.3(a). The r,alue af. oo according to this method rangcs

from 0.4 m to more than 1 m. As in the previous section, these represent average

values over a 20' box and a 3 month time period. The relevant values of. o| from
Chapter 6 are in the Apr - Jun panel of Figure 6.8. The relationship between the

two estimates of the background error variance from Chapters 5 and 6 has been

discussed in Chapter 6. Daley (1991) shows that, in theory, underestimation of
the background error is a more serious problem (in terms of reducing the analysis

error) than overestimation. Therefore the 'upper bound' values represented by the

results of Chapter 5 will be used. The mean modelled S\ /H for the Apr - Jun

season is shown in Figure 7.3(b). Similarly to 0o6", a relationship between oo and
SWH is suggested. The values from Figure 7.3 are presented as a scatter plot
in Figure 7.4. The scatter plot this time suggests a constant value of ao for low

+d" +

+
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Figure 7.3: (a) Standard deviation (m) of the error in modelled SWH for
Apr - Jun (b) Mean modelled S\MH (m) for Apr - Jun.
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Figure 7.+: (a) Standard deviation of the error in background S'WH for
Apr - Jun as a function of mean modelled SWH for Apr - Jun. Dashed
line represents the current operational value.
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modelled SWH, and a linearly increasing function for higher values of modelled

SWH. Setting the cut-off value to be 2 m, the best-fit line was found to be:

op:0.5 for SWH ( 2.0m

øp : 0.03 + 0.23 SWH for SWH > 2.0m
(7.4)

Again, an analysis of øo and SWH for a separate season sh d that this relation-
ship is time-independent.

The current BoM operational value (oo : 0.5 m) is indicated with a dashed

Iine in Figure 7.4. It can be seen that this value is appropriate for low values of
modelled SWH, but is clearly too low for high SWH. Daley (1991) shows that if. oo

is considerably underestimated, then the analysis would be more accurate if the

background were completely ignored. This suggests that by simply defining more

accurate error variances within the assimilation system, a positive impact on the
analysed SWH and therefore the forecast SWH could be obtained. This possibility
is examined in Section 7.3.

7.2.3 Background Error Correlations

The background error correlations have also been examined in two previous chap-

ters: Chapter 5 and Chapter 6. Seaman (1983) shows that, in theory, the expected

analysis error is greater when .L is underestimated than when it is overestimated

by the same amount. in other worcis, it is preferabie to ciefine the spatiai scaie

of the background error correlations to be too large rather than too small (within
reasona,,ble tror-rncìs). Therefore, the'rlpper bouncl-'resrrlts of Cha,pter 5 are again

used here. There was little seasonal variability or year-to-year variability detected

in the background error correlations, so the average length scale over four years

shown in Figure 5.16 is used. This is reproduced in Figure 7.5(a). Figure 7.5(a)

again suggests that the length scales are strongly dependent on latitude. These

values are therefore plotted as a function of latitude in Figure 7.6. No distinction
is made between northern and southern hemispheres here. A simple linear model
is applied to this data and the best fit was found to be:

L(ó):647.8-5.621ól (7 5)
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FÌgure z.r: (a) Length scale of the background error correlations as found
in Chapter 5 (b) Length scale approximated as a function of latitude.
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Figure 7.6: Background error correlation length scale as a function of
latitude. Each cross represents the value of L for one 20o box.

+
+

+

+

+



L44 7. Evaluation of .füew Background Error Structure

k
i+

Figure 7.7: Example of a situation with contradictory length scales.
Dashed horizontal line represents the model error correlation length
scale at point k, solid horizontal line represents the model error corre-
lation length scale at point j.

where / is latitude in degrees and ,L is in km. This can be approximated as

L(ó):650 - 5.5ldl (7.6)

and this approximate value is shown in Figure 7.5(b). Comparing this with Figure
7.5(a), it can be seen that this is a reasonable approximation. The most obvious
differences occur around the central Pacific where the approximate length scales

are somewhat shorter than the actuai length scales.

The use of an inhomogenous background error correlation function introduces
some complications into the SI procedure. The prediction errûr correlation matrix,
P¡¡, rcpresents the correlation between the model error at location k and the
model error at location j, where 7 and k represent either a model gridpoint or an

observation location. However, the length scale of the model error correlation may
be defined to be different at the two locations, so the question arises: which length
scale should be used? Consider the schematic in Figure 7.7. Suppose that the
model increment at point ,k is being calculated based on the observation at point j.
At point k, the model error is defined to have a large horizontal scale, represented

by the dashed line - this indicates that the information from the observation at
point 7 should be included in the analysis increment. However, the length scale

of the model error at point j is small, indicating that the information from this
observation has a small region of influence, and should not be incorporated in the
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increment at point k.

This contradiction arises because some basic statistical assumptions are being

contravened. In order to be able to calculate the autocorrelation function of a
process, the process must be stationary up to order 2 (Priestley, 1981). In the

case of spatial autocorrelations, this means that the mean and variance of the
process must be independent of location, and the autocovariance (and therefore

also the autocorrelation) should depend only on the distance between two points,

and not on their location. For the case of global SWH, these assumptions clearly

do not hold. Indeed, the very concept of a correlation function that varies in
space is ill-defined. However, stationarity (in the spatial sense, i.e., homogeneity)

is unlikely to exist in the global situation, so for practical purposes these statistical
Iimitations must simply be borne in mind. Standard practice in NWP and ocean

data assimilation systems is to use the arithmetic or geometric mean of the two

length scales. Here, the geometric mean is used, i.e.,

745

Lnj L*L¡ (7.7)

where .L¡ is the length scale at point k and .L¡ is the length scale at point j

7.2.4 Anisotropy

In previous chapters of this thesis, considerable effort has been put into examining

whether any anisotropy exists in the background error correlations, i.e., whether

the model errors have larger spatial scales in one particular direction. It is reason-

able to expect this, as it has been seen in Chapter 3 that the model anomalies in
SWH are strongly anisotropic - some regions have wave systems propagating pre-

dominantly in one particular direction. Thus it might be expected that the model

errors also would exhibit anisotropy. If an anisotropic P¡"¡ werc incorporated into
the data assimilation system, it could provide a more physically based adjustment

to the first-guess modelled SWH field.

In Chapter 5, it was found that the altimeter data did not provide information
in enough directions to be able to use them to determine the anisotropy in the

model errors. However, there were indications that it may be an important factor
(see Figure 5.29). In this section, due to the lack of any explicit information on

the anisotropy of the background errors, the assumption will be made that they
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Figure 7.8: O.5-level contour of the best-fit anisotropic correlation func-
tion for modelled SWH anomalies over the globe for the time period
July to September L998.

have the same properties as the model anomalies. So the results of Chapter 3 wiil
be used to develop an anisotropic P¡¡.

It is possible to obtain an idea of how similar the model anomalies are to the
model errors. The isotropic length scale of the anomalies during Jul - Sep 1998

(Figure 3.5(a)) can be compared to the isotropic length scale of the background
errors (the Jul - Sup panel of Figure 5.18). In addition, for the Jan - Mar time
period, Figure 3.5(b) can be compared to the Jan - Mar panel of Figure 5.18. Note
that in general, while the overall geographic variability in the isotropic length scales

is similar, the scales of the model anomalies are generally considerably larger than
the isotropic scales of the background error. During Jul - Sep, for example, it
can be seen that the length scale of the anomaly is greater than 900 km in the

eastern Pacific, while it is only just over 700 km for the model error. Similarly, at
high latitudes, the model anomaly has considerably larger spatial scales than the
model error. These differences may be due to the fact that the model anomalies

are for individual seasons while the background errors represent the average over

four seasons. However, inspection of the individual seasons contributing to the
background errors showed that this is not the case.

The anisotropic results of the July to September 1998 season from Chapter 3

are reproduced here in Figure 7.8. Ideally, information on the anisotropy of the
model anomalies during June is needed. However, this month was not examined
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in Chapter 3 so the results from the closest season are used - this is July to
September 1998. Thus a few more assumptions are needed: 1) it is assumed that
the anisotropy does not vary significantly between June and the following season

and 2) it is assumed that there is little year to year variability in the anisotropy.

The analytic results represented by the ellipses in Figure 7.8 are described by
Equations 3.5 and 3.4. In the SI scheme, this is implemented as:

Pn¡ exp (7 8)

with
f (on¡ - tr)) (7 e)

where l*r-*¡l is the great circle distance between points j and k and d¿¡ is the angle

from North of the line joining them. Anj, Bnj., and C¡¡ are the three parameters

which define the ellipses in Figure 7.8 (i.e., Iength scale, eccentricity and tilt,
respectively). Ar for the isotropic background error correlations in Section 7.2.3,

complications arise when using a correlation function that varies geographically.

In this case, each parameter (Ar¡, Bn¡, and C¡¡) was treated in the same way as

in Section 7.2.3, i.e., by using the geometric mean of the parameters at the two
locations, lc and j.

7.2.6 Model Runs

The following experiments were run

No-assim Assimilation of ERS-2 data is not performed

Assim-op Assimilation is performed as in the current operational AUSWAM. In
this case, oobs :0.5 m, op: 0.5 m and P¡¡ is given by:

Llr¡-r t' (7.10)P¡"¡: exp 2L2

with tr: 300 km.

Evar It was suggested in Section 7.2.2 that inaccurate specification of the error
variances could cause large errors in the analysis, so it is useful to check
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whether any potential improvement arises soley from defining the error vari-
ances more accurately. Thus, for this run, the structure of the background

error correlations is not altered, i.e., P¡¡ is given by Equation 7.10 but the
assumed values for the observational and background error variances are

adjusted. So oo6" is given by Equation 7.3 and oo is given by Equation 7.4.

L-Lat-Evar For this run, the values for the background and observational error
variances are set to be the same as in the previous run, i.e., as a function of
modelled and observed SWH respectively. In addition the background error
correlation matrix is defined as:

(7.11)

wilh L¡,¡ given by Equations 7.7 and 7.6. For a comparison between this and
the operational background error correlation funtion, see Figure 5.17.

L-Exact-Evar This run examines the sensitivity of the latitudinal approximation
to Figure 7.5(a). oobs¡ op and P¡¡ are exactly as in the previous run, but
instead of ,L given by Equation7.6, the actual values within each 20o box

shown in Figure 7.5(a) are used.

Assim-op-7OO This run is exactly the same as Assim-op except -L : 700 km
is used. This is done in order to ensure that any improvement seen in the
model skill is not simply due to larger background error correlation length
scales, but is due to the geographic variability of the length scales.

Aniso For this run, the error variances are set as in Evar, i.e., as a function of
observed and modelled SWH. The background error correlations are set to
be anisotropic and are given by Equation 7.8 and 7.9.

7.3 Results
Figure 7.9 shows an example of the first-guess fields in the Pacific Ocean at the
same time level (092 on June 21st 2001) for each of the assimilation experiments

described above. The location of the ERS-2 observations for this assimilation time
step (i.e., observations occurring between 7:302 and 10:302) are also shown in this
figure. Before considering the performace of each assimilation experiment there

pni:(.ry) .*olW)
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Figure 7.9: First-guess fields of SWH (m) over the Pacific Ocean for
each assimilation experiment valid at O9Z on June 2Lst, 2001. The
white crosses mark the locations of the ERS-2 observations for this
time period.
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Figure 7.1-0: SWH observations from the ERS-2 altimeter along the west-
ernmost ground track indicated in Figure 7.9.

a,re a few points of interest in these first-guess fields. The assimilation schemes

have been running for approximately 20 days at this point, so even though the
same wind forcing fields have been used, there are some differences evident in the
first-guess fields. Note, in particular, the area of high (> 5 m) SWH to the south of
Australia. The maximum SWH in this area varies widely between each run - it just
reaches 8 m for the operational system while it is more than 10 m for L-Lat-E r
and L-Exact-Evar. On the other hand, the other region of high S\ /H (in the
southeastern corner of the domain) appears similiar (in shape and magnitude) for
all the experiments. This implies that either the model has predicted this wave

system correctly, or there have been no recent altimeter observations of it.
It is also interesting to consider the region of high SWH in the northern Pacific

as the ERS-2 ground tracks pass close to this system. Figure 7.10 shows the
bias-corrected SWH observations from the satellite along the westernmost ground

track indicated in Figure 7.9. It can be seen that the observed SWH is > 4 m at
50"N. None of the first-guess fields have predicted SWH ) 4 m at the location of
the ground track, so it appears that either the model has predicted the location
of the peak SWH incorrectly, or it has underestimated the spatial extent of the
area of high SWH. The structure of the first-guess SWH field is similar in all the
experiments for this region, so this is a useful example that can be examined more
closely to provide an indication of how the definition of the background errors has

an impact on the analysed SWH field.

Figure 7.11 shows the SWH increment field for this assimilation step for each

experiment. The increment field is the value of SWH at each gridpoint that is
added to or subtracted from the first-guess SWH to give the analysed wave field and
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is given by the second term on the right-hand-side of Equation2.3. Red and orange

areas in this flgure represent positive increments, whiie blue and purple areas are

negative increments. Non-shaded (white) areas represent gridpoints where the
absolute value of the increment is < 0.1 m.

There are some very clear differences evident between the various assimilation

experiments. Comparing panels (a) and (e), it can be seen that the effect of
increasing L, the length scale of the background error correlations, is to spread

the information from the altimeter over a larger area. The magnitude of the

increment, however, does not change substantially. A comparison of panels (a)

and (b) demonstrates the effect of changing the values of oo and oo6". For the
modelled wave system in the northern Pacific, o, will be larger for the Evar case

shown in panel (b) because for Evar , oo is defined to be proportional to modelled

SWH (for high SWH). oo6", orr the other hand, will be smaller for the Evar case

than for Assim-op. It can be seen that this results in a larger value of the

increment. AIso, note that for Evar the position of the maximum increment is not
at the observation location, but away from the ground track at the location of the
maximum modelled SWH. This is a reflection of the higher uncertainty associated

with the modelled SWH. In areas of high SWH and therefore also high øo, the

analysis is permitted to deviate more widely from the first-guess fleld. A similar
pattern can be seen for all the cases where oo and o66s ã,rE defrned as a function of

S\ /H (b, c, d and f) as opposed to a constant value (a and e).

The increment for L-Lat-Evar in panel (c) demonstrates the effect of im-
plementing background error correlations that vary with latitude. Overall, the
background error length scales for this case are larger than for the Assim-op case

- it can be seen that the spatial extent of the increment more closely resembles

Assim-op-700. The effect of the geographically varying length scale can be also

seen. Near the equator, where the length scales are larger, the spatial extent of the

increment is larger than Assim-700. On the other hand, in the northern region,

the spatial scale of the increment is smaller in L-Lat-Evar than in Assim-op-7OO
- note the smaller area in the Arctic Ocean where the increment is greater than
0.1 m. The opposite, however is true at the southernmost latitudes - the incre-

ment has a larger spatial scale for L-Lat-Evar than for Assim-op-700. However,

this can be explained. Consider a model gridpoint at say, 50'S. The analysis for

L-Lat-Evar includes oniy the very local observational data and these clearly in-

dicate that the model overpredicts SWH here, so the increment is negative. For
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Figure 7.1-1: Increment fields (m) over the Pacific Ocean for each assim-
ilation experiment valid at O9Z on June 21-st, 2001. The black crosses
mark the locations of the ERS-2 observations for this time period.
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Assim-op-70O the larger defined spatial scales of the background error mean that
the analysis at 50'S is influenced not only by the southernmost observations along

the ground track, but also by those further north, where the increment is positive.

This has the effect of canceling out some of the negative increment resulting in a

smaller increment overall (in both magnitude and spatial extent).

Little difference can be seen between (c) and (d) except the appearance of
jagged edges to the increment in (d). This arises because the length scale of the

background error correlations in L-Exact-Evar varies sharply from 20' box to
20o box. The same applies to Aniso. This increment field appears quite different

to those of the other cases. There is quite a large region where the increment is
iess than -0.5 m. Aiso, the increment for this case appears to be distributed less

in the zonal direction than for the other cases.

7.3.L Verifications

The skill of a wave forecasting system is often defined as the ryns error of forecast

SWH, validated against high-quality observations. However, SWH is an integrated

parameter of the total wave spectrum. So a more skilled forecast system should re-

ally improve the prediction of the distribution of energy within the wave spectrum.

Ideally, this could be tested by comparison of forecast directional wave spectra with
observed wave spectra. However, there are few deep-water buoys that observe full
wave spectra and in addition, it can be difficult to make quantitative comparisons.

Peak Period ("") is also commonly used to evaluate the skill of wave models as it is
easily measured by buoys and it is trivial to obtain this parameter from modelled

wave spectra. However, it is very sensitive to the presence of multiple rù/ave sys-

tems and so is generally fairly noisy. Mean Period (7) can also be used, although
this parameter also has issues associated with its use. In particular, the definition
of ? used within WAM is different to the conventional definition of 7. This is
discussed in greater detail later in this section.

One potential issue with the NDBC buoy sites is that the platform types tend

to vary both within the location and between locations. They vary from 10-m

discus buoys to 6-m NOMAD (ship hull) and 3-m discus buoys. These different
platforms have their own particular sampling characteristics. \Mhile NDBC main-

tains excellent quality control, and the use of the data for verification purposes is

standard, these differences should be borne in mind.
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Figure 7.12: Observed SWH, T and To (shown in black) and 24-hour
forecasts from No-assim (orange), Assim-op (blue) and L-Lat-Evar (red)
during June 2001 at the buoyz 46OO2

Figure 7.12 shows time series of observed SWH, To and 7 at buoy 46002 in the
northeastern Pacific (see Figure B-1) along with 24-hour forecasts from three of
the experiments: No-assim, Assim-op and L-Lat-Evar. Verification statistics
for these 24-hotn forecasts at this location are shown in Table 7.3.7.

Consider first the SWH. For the run with no data assimilation, it can be seen

that there is a significant amount of negative bias in the modelled SWH. This bias

is likely to be due to bias in the wind forcing fields (Kepert et al., in prep). The two
assimilation runs also start off with this negative bias since data assimilation starts
on only June 1. After a few days, the impact of the altimeter data can be seen

as the forecast SWH starts to match the observed S\ /H a little better. The aim
of a data assimiiation schcmc is thc corrcction of variablc crrors, rathcr than thc
elimination of any systematic bias, although this can be a useful side-effect. If the
bias is known, it should be reduced by some other means, for example by tuning
the dissipation source term (see Equation A-1) or by adjusting the wind forcing. It
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Table 7.1: Verification statistics for the time series shown in Figure 7.L2.

a SWH

b

c T

can be seen both in Figure 7.L2 and in the verification statistics in Table 7.3.L that
L-Lat-Evar corrects the bias in S\A/H to a greater extent than the Assim-op case.

In fact, even when the Assim-op SWH is greater than the observed SWH, the
L-Lat-Evar SWH is stil generally greater than the Assim-op SWH (consider,

for exampie, June 16 to 20). Thus it seems that one effect of including more

accurate error variances and inhomogenous background error correlations is simply
to increase the SWH. However, note that lhe Scatter Ind,er (si,) ís also reduced in
L-Lat-Evar. This is encouraging, as it indicates that the results of this thesis do

contribute to adding skill to the wave model.

Now consider the results for To. The observed To ranges from 3.9 sec to 16.7

sec with some rapid changes between high and low values. These large abrupt
changes occur when both swell and wind-sea are present and the peak energy in
each system is approximately equal. Note that around June 19 - 21, there is a
prolonged period of high Ç corresponding to a period of low observed SWH. It
is likely that there were low winds during this time period, and therefore a lack

No-assim Assim-op L-Lat-Evar
-0.27 -0.13Bias -0.60

R 0.80 0.79 0.85
0.27 0.24s1, 0.26

r"n-ùs 0.73 0.50 0.47

No-assim Assim-op L-Lat-Evar
Bias -2.6 -0.5 0.07

R 0.77 0.02 0.31
sL 0.29 0.43 0.33

rrns 3.7 3.9 3.0

Assim-op L-Lat-EvarNo-assim
Bias -0.38 1.1 1.5

R 0.64 0.45 0.55
s1, 0.72 0.15 0.13

7.4 7.7Trns 0.81
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of wind-sea energy, so that the swell was dominant. This causes the low peak

frequency, or high Ç seen around this time.
Because of the sensitivity of. T, to the presence of multiple wave systems, it is

difficult for a wave model to capture its variability. However, some general features

can be noted, and the overall verification statistics can give a general indication
of the impact of the data assimilation. Note that at this location, the No-assim

Ç is almost always too low - this is reflected in the verification statistics, where

there is a bias of -2.6 seconds in To. This indicates that there is either too much

wind-sea or not enough swell in the model. Since the S'WH is also generally too
Iow, lack of low-frequency swell is the likely candidate. This could be caused by
excessive dissipation for low frequency wave components in WAM (Alves et aI.,

2002) of lack of growth in the wind-sea spectrum.

The experiments that include data assimilation generaily improve the predic-

tion of Ç. For example, from June 7 to 8, the To from the assimilation runs

matches the observations very well, while the No-assirn To is too low. The over-

all bias is significantly improved by the data assimilation, and it is improved to
a greater extent in L-Lat-Evar than in Assim-op. There are some discrepan-
cies, however. Around June 13, the Assim -op Tp shifts to long wave periods and

L-Lat-Evar does the same a little later. However, the observed T, remains short.
This may be due to the sensitivity of. To to multiple wave systems, although the
fact that the observed Ç is fairly stable at this time indicates that this is probably

not the case. An alternative explanation is that the 'swell strategy' used in all
these experiments has shifted energy to the low frequencies unnecessarily. This
could be remedicd by altering +,he method by which +,he assimilation adjusts the
wave spectrum. This possibility is not examined here, but is an area for which fur-
ther investigation is required. Note that from June 18 - 20, L-Lat-Evar is much

closer to the observed Tothan either the No-assim case or Assim-op. This can

be seen again at June 26, although the impact is somewhat delayed.

Now consider the time series and verifications of 7. These are quite different to
those of SWH andTo. The No-assim case has a relatively small bias and is much
closer to the observations than the experiments that include data assimilation,

which clearly overpredict ?. In addition, L-Lat-Evar performs \Morse in terms

of the overall bias than Assim-op. The definition of 7 needs to be considered

here. For a one-dimensional frequency spectrum, F(l), the conventional definition
of 7 (as the inverse of mean frequency) is given in terms of moments of the wave
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spectrum by (T\rcker and Pitt, 2001)

where

T ITLO

TTLl
(7.12)

(7.13)

Thus, the conventional definition of ? is:

rrùn: 
lo* rr{Ðat

(7.t4)

However, in the WAM model, 7 is defined as

(7.15)

This was incorporated in WAM to enhance the stability of the implicit integration
scheme, which enabled a larger time step (WAMDI, 1988). The impact of this
alternative definition is examined here by comparing the different definitions of 7
for 531 wave spectra that are output from AUSWAM around the Australian coast.

These spectra encompass a wide range of sea-state conditions. A comparison of
the two values is shown in Figure 7.13. It can be seen that for all the wave

spectra, W¿,u is larger than T and the difference is larger for larger values of ?.
On average, TwAu is 1.7 seconds larger than ?. If this 1.7 seconds is subtracted
from the modelled ?, then it can be seen from the verification statistics in Table
7.3.1(c) that the results will be similar to those lor To. Specifically, No-assim
will be biased low (indicating again that there is not enough energy in the low
frequency components of the r'¡/ave spectrum), Assim-op improves the bias to a

certain extent, and L-Lat-Evar improves it even more. The variable statistics (R
and sz) do not follow this pattern, i.e., No-assim performs best, but this is likely
to change if the alternate definition of T is used, as the difference is non-linear.
Because of these issues, only SWH and To verifications are considered further.

In summary, it can be seen that at this location the rms error in SWH is

improved substantially by L-Lat-Evar over the current BoM operational assim-

ilation. While this is mainly due to a reduction in the systematic bias, there is
also reduction in the variable errors. This is also true of To. Verifications of ? are
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Figure 7.13: A comparison of the two definitions of 7 given in Equations
7.L4 and 7.L5

hampered by the unconventional definition of ? within the WAM model.

The model runs were verified against the same set of 26 buoys as used in
Chapter 4 (see Appendix B). Verification statistics for SWH averaged over all
the buoys are shorvn graphically in Figure 7.14. Results for all of the experiments

described in Section 7.2.5 are considered here, with the exception of L-Exact-Evar
because it was found to be almost identical to the results of L-Lat-Evar. The

results in Figure 7.L4 generally reflect the features seen in the time series at buoy

46002. The black lines represent the No-assim run. It can be seen that without
data assimilation, there is a negatir,'e bias of approximately 0.4 m in SWH. This
bias actually decreases slightly as the forecast period increases. This may simply
be due to chance, although a possible explanation is that the surface winds become

less negatively biased as the forecast period becomes longer. Overall, the rrns error
of the model run without data assimilation is approximately 0.6 m.

The operational assimilation scheme (blue lines) accounts for a large portion
of this bias - the bias in this case is less than 0.2 m for all forecast periods.

This bias reduction is reflected in the significant reduction in the rrns error over

the No-assim run. However, note that the s¿ is also reduced in the operational
assimilation scheme indicating that the assimilation does more than just correct

for bias. As the forecast period increases, the bias tends to become more negative,

indicating that the model relaxes back to the No-assim case without the inclusion
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of altimeter data. The Evar case (yellow lines) is a slight improvement over the
operational assimilation - the bias is further reduced while the sz is comparable,

resulting in an rn'Ls error that is smaller than that of the operational case.

Now consider the other three cases shown in Figure 7.14. These three runs have

similar s,l values, with Aniso being slightly better at short forecast periods, and

L-Lat-Evar slightly better at longer forecast periods. The bias for the hindcast

Assim-op-7O0 has a smaller magnitude than that of L-Lat-Evar and Aniso,
although for longer forecast periods, the bias for L-Lat-Evar and Aniso is smaller,

with L-Lat-Evar marginally better for 48-hour forecasts. So the rrns values for
these three runs are very similar. Overall, L-Lat-Evar and Aniso perform slightly
better than Assim-op-700.

It was seen in Figure 7.11 that for L-Lat-Evar, the information from the al-

timeter is spread over a much greater area than for Assim-op. The possibility

exists that the improvement seen in Figure 7.14 could be obtained by simply in-
creasing the spatial scale of the background errors everywhere. It is for this reason

that the Assim-op-70O case was run. The marginally improved performance of
L-Lat-Evar over Assim-op-7O0 suggests that incorporating inhomogeneity in
the scale of the background errors does contribute some skill to the model.

Overall, L-Lat-Evar has reduced lhe rms error in 24-hour forecast SWH by
almost 10% compared to the operational BoM data assimilation system.

Verification statistics for T, for all model runs (except L-Exact-Evar) aver-

aged over all buoys are shown in Figure 7.15. It can be seen that To f.or the case

of no data assimilation is biased low. The operational system corrects this bias,

but it is still slightly low and all the other assimilation runs ha-øe resulted in a
positive bias in 7o. This suggests that these assimilation schemes are overcorrect-

ing towards the low wave frequencies. This may be due to the way in which the
spectra are adjusted during the assimilation process. As the forecast period in-
creases, the assimilation cases gradually tend back towards the No-assim case. So

as the model propagates forward without the constraint of the altimeter data and

the assimilation scheme, it relaxes back to a state with not enough low-frequency

sweli. Note that Aniso, L-Lat-Evar and Assim-op-7OO are relaxing back quite

slowly and at 48 hours there is still a slight positive bias. The s¿ indicates that
the No-assim case actually performs best, then Assim-op and then L-Lat-Evar
and Aniso. As was seen with the examination of the time series at buoy 46002,

the assimilation schemes can induce rapid changes in the 4. So even though the
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overall bias in Ç is reduced, suggesting that the amount of swell in the model
has been corrected, it is not necessarily included in the model at exactly the right
times.

The rms errors show that in fact the operational assimilation scheme seems

to perform best in terms of predictiít1 Tp. L-Lat-Evar and Aniso follow closely

behind with a similar performace for the hindcast period but they quickly return to
the poor performance of the No-assim case for longer forecast periods. However,

this is mainly due to the variable errors, so little weight should be given to these

results.

Results for both S\ /H and To from Aniso and L-Lat-Evar are almost iden-
tical, i.e., both these assimilation schemes work well and are an improvement over

the current operational assimilation scheme. However it shouid be borne in mind
that many approximations were made for the Aniso experiment. Firstly, the de-

scription of the background errors for this case was based on the model anomalies,

rather than model errors. It has been seen earlier that the model errors do not
always have the same structure as the model anomalies. Indeed, it was discussed

in Section 7.2.4 lhat the spatial scales of the background errors used in this case

are considerably larger than the results of Chapter 5 would suggest. In addition,
the assumed anisotropic structure used f.or P¡¡ in this case was based on the model
anomalies during Jul - Sep 1998, and it is not clear how applicable this is to the
month of June 2001. Despite these limitations, the Aniso case performs very
well. This suggests that there is significant potential for improvement in the use

of anisotropic background error correlations.

7.3.2 Regional Impacts

It is interesting to examine the impact of the various data assimilation schemes in
different regions of the globe. The buoys were divided into the five regions shown

in Table B-1. FigureT.16 shows the rms error of the 24-hour forecast SWH in each

region. The information in the 'All' column replicates the 24-hour values shown

in panel (c) of Figure 7.14.

In the Australian region (and note that this includes only 3 locations), the
Aniso case performs better then the other assimilation cases. This occurs only
in the Australian region. It has already been seen that buoy 55026 at Strahan is
in an area for which the background errors are likely to be highly anisotropic (see
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Figure 5.29). This is further confirmation that anisotropic background errors are

important for the Australian region.

For the Central Pacific Ocean, the L-Lat-Evar case is marginally better than
the other cases. It is at this location that the change in the background error

length scales has made the biggest impact. This is to be expected because it is in
this region that the biggest difference between the operational length scales and

the L-Lat-Evar length scales exists. The average rrns error at buoys in this region

is reduced by more lhan 20To compared to the operational assimilation scheme.

This is a significant impact, considering that lhe rms error is already relatively
Iow in this region. The northeast Pacific also shows significant improvement with
the rms error for the L-Lat-Evar case L6To lower than that of the operational

assimilation case.

Very little impact can be seen in the Gulf of Mexico. All of the assimilation
schemes perform similarly here and show only minor improvement over the case

with no data assimilation. The Gulf of Mexico is almost an enclosed basin, and very

little long term swell penetrates into this area. Therefore most of the wave systems
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observed by the buoys would be locally generated and there is little opportunity
for the altimeter to observe and correct any of these systems. It may be that the

'swell strategy' is not the most appropriate assimilation strategy for this region.

Finally, in the northwest Atlantic, the operational assimilation scheme actually
performs the best, and a similar pattern to the Gulf of Mexico is seen, with all
of the assimilation schemes performing only slightly better than the case with no

data assimilation. The case with no data assimilation performs relatively well here.

This is likely to be a seasonal effect - this is in the northern hemisphere summer
so winds and wave heights would be generally lower, resulting in lower rrns errors.

7.3.3 January 2003

The experiments described in the previous sections were performed for the month
of June 2001. This month is within the four-year period that was examined in
Chapter 5. So the background error structure that has been tested was developed

based on the model errors during this time. It is useful to perform a test from an

independent time period to ensure that the impacts seen in the previous section

are not simply a result of tuning the assimilation system to a particular description
of the model errors.

Some of the experiments were therefore re-run for the month of January 2003.

As well as being outside the four-year time period, this is during northern hemi-
sphere winter so it provides the opportunity to examine seasonality. The main aim
here, however, is just to ensure that L-Lat-Evar provides a similar improvement
to that which was seen in +"he previous section, so only No-assim, Assim-op,
L-Lat-Evar and Aniso \¡/ere re-run for this second time period.

Note that the definition of P¡¡ f.or L-Lat-Evar will be identical for this time
period as for the previous time period. 'l'his is because it was found that the
distribution of. L does not vary from season to season. It was also shown that
the relationships between d¿6s ârd observed SWH, and oo and modelled SWH
were time independent, so these also do not change. However, the background
error structure for Aniso is altered to reflect the expected anisotropy of the model
anomalies during January (see Figure 3.6(b)).

Verification statistics for SWH andTo are shown in Figure 7.I7 and 7.18 re-

spectively. Some of the buoys used in the previous section had missing data during
this time period and could not be used. Conversely some buoys that were missing
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data in the previous section could be included here. This resulted in a total of 23

buoys available for verification (See Table B-1).

Note that the overall rms error is higher for all runs compared to June 2001.

This is because most of the buoys are in the northern hemisphere, and during
the northern hemisphere winter, the SWH and therefore the ï"rns ertor is generally

higher (Mean observed SWH during this time period is 2.6 m, compared to 1.4 m
during June 2001). The results tend to follow the same pattern as the results for
June 2001. In particular, the rT ns effor of.24-how forecast SWH is again reduced

by t0% with the inclusion of inhomogenous background errors and more accurate

error variances. For T,, it can be seen that during this time period, Assim-op
reduces the si while the other runs show an increase. This is the only case for
which No-assim does not provide the best Q forecast. It is not clear why this
should be the case.

Regional impacts are shown in Figure 7.19. There are a few differences between

the regional impacts seen here and those for June 2001. The biggest impact from
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No-assim
Assim-op

Evar
L-Lat-Evar

Assim-op-700
L-Exact-Evar

Aniso

465.L
9r7.7
927.t
978.0
949.r
989.2
1406.9

Table 7.2: CPU seconds taken for a L2-hour hindcast period and 48-hour
forecast period for different model runs.

L-Lat-Evar is now seen in the Australian region, where lhe rms error is reduced

by L7%. Note also that in the Australian region, the Aniso case is not the best
performing scheme, as it was during June 2001. The impacts seen in the central
Pacific, the northeast Pacific and the Gulf of Mexico are similar to those seen

during June 2001. In the Northwest Atlantic the overall rms errors are much
larger than those for June 2001 - this is an expected seasonal difference. Also,

L-Lat-Evar nor,¡/ performs better than the operational assimilation scheme in the
northwest Atlantic.

In summary, it can be concluded that the models f.or P¡¡, oo6e àÍrd oo that have

been developed throughout this thesis are applicable to time periods outside the
four-year time period that has been extensively examined here.

7.3.4 Computational Aspects

Often, if significant improvements are found in the skill of a forecasting system,

it may be at the expense of computional efficiency. For example, increasing the
spatial resolution of a model grid can often lead to higher quality forecasts (as

more higher scale variability is included) but it can also lead to a considerable

slow-down in the lunning time of a model. This can be an important factor
when considering changes to operational forecasting systems. So it is worthwhile
to consider the computational requirements of the proposed changes to the wave

data assimilation scheme.

Table 7.2 lists the average number of CPU seconds taken for a l2-hour hindcast
period and 48-hour forecast period for each of the model runs considered in this
Chapter. It can be seen that, not surprisingly, all of the data asssimilation runs
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use significantly more resources than the run with no data assimilation. However,

the increase of L-Lat-Evar over the current Bureau operational data assimilation

system is only 6.5%. For an improvement of 10% in the skill, this could easily be

accommodated in the current operational environment. The model run that uses

the most CPU time is Aniso. This is because of the extra function calls required to
determine the angle between model gridpoints and observation locations, as well as

the great-circie distance. It is likely that this could be reduced with optimizalion
techniques, but this method is still likely to require increased resources, which

needs to be borne in mind if operational implementation is being considered.

7.4 Summary

In this section, models for the observational error variance, background error varr-

ance and background error correlation have been developed based on the results

of previous chapters of this thesis. It was suggested in Chapter 6 that the results

of Chapter 5 could be used as an upper bound to the error structure of the back-

ground errors and error variance and the results of Chapter 6 as a lower bound.

In this chapter, it has been shown that in theory, it is better to overestimate the

error correlation length scale and the error variances, so the models that have been

developed are quantitatively based on the results of Chapter 5.

These models were implemented in a data assimilation system and tested over

two month-long time periods. The results \ryere verified against independent ob-

servations of SWH and To from in szúz buoys. It was found that more accurate

specifrcation of the observational and background error variances alone could pro-

vide some improvement to the forecast skill of the wave modei, but the biggest

improvement came from incorporating improved error variances and geographi-

cally varying background errors. Large improvements were also attained using

a spatially homogenous background error length scale that was larger than the

Iength scale used operationally. Using background error correlation length scales

that varied from 20' box to 20' box did not show any improvement over using

background error correlation length scales that were dependent only on latitude.

Overall, the recommended confrgurations to include in an SI system such as

that described by Equations 2.3 to 2.9 arc as follows.
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Observational error varrance:

Background error variance:

oobs--0.54- 0.14 SWH for SrtrH <2.0m
oobs:0.15 + 0.06 SWH for SWH > 2.0m

(7.16)

(7.17)

(7.18)

op:0.5 for SWH ( 2.0m

dp : 0.03 + 0.23 swH for swH > 2.0m

Background error correlation matrix:

Pn¡ ,*ry) .*olryl
where

and L¿:650 - 5.5óo (7.1e)

Itr - r¡l is the great circle distance between points lc and j and arrd S is the
absolute value of the latitude.

The regional impacts of the new assimilation scheme were found to vary on a
seasonal basis. During June 2001, the biggest impact v/as seen in the central and
northeast Pacific while during January 2003, the biggest impacts r¡/ere seen in the
Australian region.

The rms errors in Q did not show the same positive impact as the verifications
of SWH. However, the systematic errors in Ç did show marked improvement, and
due to the noisiness of Ç, less weight should be given to the variable errors of this
parameter.

In summary, the inclusion of a latitudinally dependent background error, and
the improved specification of the background and observational error variances has

improved the skill of the wave model by almost L0% compared to the BoM's current
wave forecasting system, when skill is defined a,s ï'rns error of 24-how forecast SWH.
These improvements were found despite the sparseness of the satellite altimeter
data used in the assimilation.

Ln¡ tttrt'



Chapter 8

Conclusions

This thesis has attempted to address one of the major limitations in current wave

data assimilation systems, namely, the accurate representation of the structure of
the background errors. Two methods have been used to determine background

errors: the observational method and the 'NMC method'.

The observational method involves examining the differences between observa-

tions and modelled wave fields. The observations used are estimates of SWH from
the ERS-2 satellite altimeter. Before applying the method, the effect of the irreg-

ular satellite sampling pattern is examined. This was achieved by constructing a

set of anomaly correlations from modelled wave fields. The isotropic anomaly cor-

relation length scale was defined to be the parameter which provided the best fit
between the isotropic anomaly correlations and a 2nd-order auto-regressive func-
tion.

The modelled wave fields were interpolated to simulated altimeter (GEOSAT)
observation locations and the anomaly correlations were re-calculated from the

simulated data. The simulated altimeter data were able to capture most of the
geographic and seasonal variability in the isotropic correlation length scales. It
was found that the best estimates of the isotropic anomaly correlation length scale

using altimeter data were obtained by assuming that the SWH field did not vary
significantly over 2 hours. With this assumption, correlations between observations

from subsequent altimeter ground tracks could be used in addition to correlations
between observations along the same ground track. This provides extra zonal
information on the anomaly correlation functions. It was found that in general,

the undersampling of the altimeter causes the spatial scale of the model anomalies
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to be underestimated, particularly at low latitudes.
The existence of any anisotropy in the anomaly correlations, and the ability

of the satellite altimeter to detect such anisotropy was also examined. The model

anomalies were found to be significantly anisotropic over most of the ocean surface.

The longest length scales of the anomaly correlations \Mere generally found to be

in the direction of the prevailing winds. The simulated altimeter data was not so

successful in producing realistic anisotropic correlation functions. This is because

of the lack of information in the zonal direction in the simulated altimeter data.

However, the computation of correlations along ascending and descending altimeter
ground tracks separately, provided some indication of the areas on the globe for
which the anomaly correlations are more anisotropic than others.

To ensure that the observations used are of the highest quality possible, a val-

idation of the ERS-2 SWH observations \Mas performed. The altimeter data were

compared to buoy observations over a time period of approximately 4.5 years.

It was found that in general, the altimeter overestimates low SWH and underes-

timates high SWH. A two-branched linear correction to the altimeter data was

found, which reduced the overall rn'Ls ertot in SWH to approximately 0.2 m. It
was shown that if the ERS-2 FD observations were bias-corrected before including
them in a global data assimilation system, a positive impact on forecast wave fields

could be obtained.

In the major results of this thesis, the ERS-2 observations of SWH were com-

pared to modelled SWH fields over a four year period. Specifrcally, correlations

of the differences between modelled SWH and the bias-corrected ERS-2 data were

calculated to obtain the background error correlations. The length scale of the

background error correlation was defined to be the parameter which provided the

best fit between the isotropic background error correlations and a 2nd-order auto-

regressive function. The irregular sampling pattern of the ERS-2 altimeter was

accounted for by adjusting the length scales according to latitude and the calcu-

Iated length scale.

It was found that the length scale of the background errors varies significantly
over the globe, with the largest scales at low latitudes and shortest scales at high
latitudes. Very liLLle seast.rnal or year-to-year variability was detected. Conversely,

the magnitude of the background error variance was found to have considerable

seasonal and year-to-year variability. It was generally highest in areas of high
observed or modelled SWH. The background errors along ascending and descending
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ERS-2 ground tracks were examined separately. This indicated that anisotropy is
likely to important for the region to the south of Australia and to a lesser extent
in the north Atlantic Ocean.

The SWH frelds considered over the four year period were essentially very long
term forecasts, albeit forced with analysed winds. This means that the background
errors calculated from those fields contain a large amount of long-term, or remotely-
forced error. This is not desirable in an assimilation system, for which the errors
of the short term forecasts are needed. This issue was addressed by using the
forecast error divergence as a proxy for the short-range forecast errors, i.e., using

the 'NMC method'. It was found that the global distribution of the length scale of
the error correlation was very similar to that found using the observational method.
The spatial scale of the correlation length scale was shown to increase as the
forecast period increases, and the length scales found using the'NMC method'were
generally shorter than those found using the observational method. These results
confirmed the idea that the modelled wave fields studied with the observational
method contain a large amount of remotely forced and large-scale model error.
The global distribution of the error variance found using the 'NMC method' was

shown to be similar to that using the observational method.

Finally, models for the observational error variance, background error variance

and background error correlation that were developed throughout the thesis were

incorporated into a data assimilation system and evaluated over two month-long
time periods. Compared to the current BoM operational system, it was found
that the new structure improves the skill of the wave model by approximately 10%,

with considerable geographical variability in the amount of improvement. This was

achieved with only a small (6.5%) increase in the computational requirements.

8.1 Closing Remarks

This thesis has concentrated on the use of satellite altimeters to investigate the
background errors of a global wave model. This has not been an exhaustive study
and there are avenues that could be investigated further. In particular, the incor-
poration of an anisotropic background error structure in Chapter 7 demonstrated
the potential benefits that this could provide. It has been shown that the sam-

pling pattern of a single satellite altimeter precludes its use for the detailed study of
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anisotropy in wave models. However, this thesis suggests other possibilities. For

example, further study of the anisotropy in the climatological model anomalies

could be fruitful. In addition, examination of any anisotropy in the forecast dif-
ferences via the 'NMC method' could be useful, despite the drawbacks associated

with the method.

Another option could be to take advantage of the presence of multiple satellite
altimeters in orbit. If multiple altimeters are observing the wave field, and these

altimeters have different orbit characteristics (such as the currently orbiting EN-

VISAT and JASON) then it may be possible to extract useful information on the
anisotropy of the wave model errors.

There has been a general assumption made throughout this thesis that most of
the errors in the wave model arise from errors in the wind forcing flelds. However,

there has been no direct examination of the errors in the wind forcing fields. The

analysis of the SWH fields described in Chapters 5 and 6 of this thesis could be

adapted and applied to surface wind fields from NWP systems, with scatterometer

data used as the high-quality observational dataset. This analysis is planned for
future work and is likely to shed some light on the sources of the errors, both
systematic and random, seen in AUSWAM.

It has previously been mentioned that the information that is actually required

in a data assimilation system is a description of the errors in short-term wave

forecasts. This could be achieved by examining the differences between model

forecasts and observations, i.e., by applying the observational method to a series

of short-term (3-hourly) forecasts from a system that includes data assimilation.

It would be interesting to also apply this method to short-term forecasts from a

system that doesn'ú include data assimilation and compare the resulting length
scales.

In terms of verification of the system, there are further avenues that could be

explored. In particular, the one-dimensional frequency spectra could be obtained

from the NDBC buoy site to investigate which parts of the spectruln are being

incorrectly modelled. This would also enable â, proper verification of Mean Wave

Period. In addition, there are some sites where directional wave buoys observe the

full clirectiorral wave spectrunr. This would enable all cornponents of the modelled

wave spectrum to be verified.

The results of this thesis have shown that the BoM's operational wave forecast-

ing system could immediately benefit by improving the structure of the background
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error correlations and the background and observational error variances. At the
time of writing, worlc is currcntly undcrway on thc opcrational implcmcntation
and testing of the recommended configuration. The results in this thesis apply
specifically to AUSWAM, and the errors resulting from its specific implementation
and wind forcing fields. However, it is likely that these results are, to a certain
extent, applicable to other operational wave forecasting systems. For example, it
is highly likely that the background errors for any wave forecasting system are

significantly broader in the tropics than at high latitudes and thus other wave

forecasting systems could also benefrt from the use of a latitudinally dependent

background error correlation structure.
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APPENDIX A - AUSWAM

The wave model used throughout this thesis is AUSWAM (NMOC, 1999), a

version of the WAM model. The WAM model (WAMDI Group, 1988, Komen et aI.

1994) is a third generation wave model which solves the wave transport equation
explicitly without assuming a form for the evolving spectrum. The wave transport
equation is:

T *V(c"F) : Sin* S'¿ f S¿ (A-1)
dt

where FU,0) is the v/ave spectrum as a function of frequency and direction, c,
is the group velocity and the terms on the right hand side represent the source

terms: S¿", is the energy input due to wind forcin1, Snt the non-linear energy

transfer between groups of resonant ril/aves and ,S¿ the dissipation of energy due to
whitecapping.

In the most recent edition of the WAM model (Cycle 4, released in December

1991) the physics included a dynamic coupling between wind and rvaves (Janssen

1989, 1991). Bender and Leslie (1994) and Bender (1996) compared the original
Cycle 3 (Snyder eú a/. 1981; Komen et al. 1984) and Cycle 4 physics to inde-
pendent buoy data over a one month period (July 1992) and concluded that a

wave forecasting model for the Australian region should be based on the Cycle 3
physics. Although this led to underprediction of wave heights, it was shown that
by upgrading the first-order propagation numerics to third-order and increasing
the magnitude of the dissipation term by approximately 40T0, a good match with
the buoy observations could be achieved. No wind speed validations rvere per-

formed in this study and it is possible that the need for higher dissipation arose

because of overpredicted surface wind speeds during the selected validation time
period. Nevertheless, the present implementation of the WAM model at the BoM
and the version used throughout this thesis, uses the Cycle 3 physics with increased

dissipation and third-order upwinding numerics.

Wave spectra are discretised into 12 directional bins, centred at 15o, 45",75",
etc. This 'staggering' of the directional bins is to avoid having spectral energy

propagating directly along the axes of the north-south co-ordinate system (Bidlot
et aL, 1997; Greenslade, 2000). There are 25 frequency bins ranging from 0.0418

Hz lo 0.4714 Hz. This represents wave periods ranging from approximately 24

seconds to 2.5 seconds. Deep water physics only is used. The propagation and

source term time steps are 20 minutes and 10 minutes respectively. For the global
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version of the model, the north-south extent of the domain is 78'N to 78"S. Sea

ice is accounted for indirectly in the model by the use of zero or low wind velocity
over areas that are covered by ice. The ice edge is not included explicitly in the
boundaries of the domain. Operationally, fields of integrated wave parameters are

archived at 12-hourly intervals.
Forcing fields for the global wave model are wind velocities at 10 m above sea

level. These are obtained from the BoM's global atmospheric model: Global AS-

similation and Prediction System (GASP) (Seaman et aL 7995). Surface winds are

obtained from the lowest level of GASP via Monin-Obukhov theory with empirical
stability functions (Garratt, 7992).

Some of the major upgrades and changes in resolution of GASP and AUSWAM
over the time period 1998 to 2001 are shown in Figure A-1. At the beginning of this
time period, the 10m wind fields were provided to the wave model at l2-hourly
intervals and 2.5o spatial resolution. These are linearly interpolated in time to
3-hourly intervals, and bi-linearly interpolated in space to the resolution of the
wave model grid. On December 9, 1998, there ìMâs a major upgrade to GASP
(NMOC, 1998) in which the spatial resolution was increased from T79 to T239.

Dec.9
T79 + T239

Apr,9
12hr + 3hr, 2.5o -+1o

inst. + smoothed

I
1 lrl!,U ll-lUl.1 lt,rL[-]

1
It ì(.1 l ¿t_ ),)_

29 Apr.9
Qo r 4o

+48hr + +90hr

Aug.3
ERS-2 assim

Figure A-1: Timeline of relevant changes to the operational global winds
(above the line) and global wave forecasting system (below the line)

Note, however, that the spatial resolution of the surface winds used to force the
wave model did not change at this time. On April I 2001, the frequency and

spatial resolution of the wind forcing was increased from l2-hourly to 3-hourly



A-AUSWAM t79

intervals and from 2.5o to 1" spatial resolution. In addition, at this time, the wind
ficlds prcscntcd to thc wavc modcl changcd from bcing instantanous 'snapshots'
of the surface fields to being smoothed in time with a 6-hour window. These were

similarly interpolated to l-hourly intervals and the resolution of the wave model
grid. The impact of this change to the winds on the wave model bias and error
variance is discussed in Chapter 5.

Major relevant changes to the implementation of the global wave model over

this period include an extension of the forecast period from 48-hours to 96-hours

in early 1999, the inclusion of ERS-2 data assimilation in August 1999 and an

upgrade in the spatial resolution of the wave model from 3o to 1" in April 2001.
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, a 46035 ,
I a 46001 i

46047 a

a srooq

APPENDIX B . BUOY DETAILS

The locations of the buoys used in this thesis are shown in Figure B-1. Details of

Figure B-1: Location of buoys used in this study (a) Northern hemisphere
and (b) Southern hemisphere

these buoys are listed in Table B-1. Buoy observations are used in several chapters

of this thesis. A 'C' in the final column of Table B-1 signifies that observations from
that buoy are included in the co-located altimeter/buoy dataset in Section 4.2. 'V4'
signifies that they are used as verification for the model run examining the impact
of bias-corrected ERS-2 data in Chapter 4. 'Y7a' signifies that observations from
that buoy were used in Chapter 7 lo verify the new background error structure
during the June 2001 model run and 'V7b'signifies that it was used for the January
2003 model run in Chapter 7.

55020

8b2:o Jb 4b sb 6b 1ôo rlo 1)o 130

55026

140
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Tâble B-t: Details of buoys used in this work.

Region WMO Oode Location Owner Lat. Lon. Use

North-
West

Atlantic

41001

47002

47004
41010
44004

44005

44008
440It
440t4

NDBC

NDBC
NDBC
NDBC

NDBC

NDBC
NDBC
NDBC

Hatteras NDB

S.Hatteras

Edisto
Canaveral E.

Hotel

Gulf of Maine

Nantucket
Georges Bank
Virginia Beach

34.7N
34,8N
32.3N
32.2N
32.5N
28.9N
38.5N
38.4N
42.9N
43.2N
40.5N
41.lN
36.6N

72.6W
72.8W
75.2W
75.4W
79.1W
78.5W
70.7W
70.6W
68.9W
69.2W
69.4W
66.6W
74.8W

C
C Y4Y7a
C
C V7b
C V7b
C V4 V7a V7b
C
C V4 V7a V7b
C
C Y4Y7a
C Y4Y7aY7b
C Y4Y7aY7b
C Y4YTaYTb

Gulf
of

Mexico

4200t
42002
42003
42036
42039
42047
42054

Mid Gulf
W.Gulf
E,Gulf

W.Tampa
Pensacola

N.Mid Gulf
E.Gulf

NDBC
NDBC
NDBC
NDBC
NDBC
NDBC
NDBC

25.9N
25.9N
25.9N
28.5N
28.8N
27,2N
26.0N

89.7W
93.6W
85.9W
84.5W
86.0W
90.4W
87.8W

C V4 V7a V7b
C V7b
C Y4Y7a
C Y4YTaYTb
C Y4YTaYTb
C
C

East
Pacific

46001
46002
46003
46005
46006
46035
46047
46059
46066

Gulf of Alaska
Oregon

S.Aleutians
\Mashington

S.E.Papa
Bering Sea

Tanner Banks
California

S.Aleutians

NDBC
NDBC
NDBC
NDBC
NDBC
NDBC
NDBC
NDBC
NDBC

56.3N
42.5N
51.9N
46.1N
40.9N
56.9N
32.4N
38.0N
52.6N

r48.2W
130.3W
155.9W
131.0W
137.5W
177.8W
119.5W
130.0\M
155.0W

C V4 V7a V7b
C V4 V7a V7b
C
C Y4Y7aY7b
C Y4Y7aY7b
C V7b
C Y4Y7aY7b
C V4 V7a V7b
C Y4Y7aY7b

Central
Pacific

51001
51 002
51003
51004
51028

N.W.Hawaii
S.W.Ha.waii
W.Hawaii
S.E.Hawaii

Christmas Is.

NDBC
NDRC
NDBC
NDBC
NDBC

23.4N
17.2N
19.2N
i7.4N

0.0

162.3W
157.8\M
160.8W
152.5W
153.9W

C Y4 Y7a
C Y4YTaYTb
C Y4Y7a
C Y4Y7aY7b
C Y4YTa

S.

Hemis-
phere

55020
55026
55039
56002
AB

Eden
Strahan

Bass Strait
N.Rankin

Agulhas Bank

MHL
BoM
Esso

Woodside
MOSGAS/

CSIR

37.3S
42.15
38.65
19.6S
35.0S

150.2-El
145.08
L48.2Ð
116.18
22.28

Y4Y7a
Y4 Y7aV7l¡
C
V4 V7a V7b
C
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APPENDIX C - LIST OF ACRONYMS

4D-VAR Four-Dimensional Variational Assimilation

AUSWAM Australian WAve Modei

BoM Australian Bureau of Meteorology

ECMWF European Centre for Medium-Range Weather Forecasts

ERS-I European Remote Sensing Satellite - 1

ERS-2 European Remote Sensing Satellite - 2

ESA European Space Agenc;,

FD Fast Delivery

FNMOC Fleet Numerical Meteorology and Oceanography Center

GASP Global ASsimilation and Prediction System

GEOSAT GEOdesy SATellite

JONSWAP JOint North Sea WAve Project

NAG Numerical Algorithms Group

NCEP National Centers for Environmental Prediction

NDBC National Data Buoy Center

NMC National Meteorological Center

NMOC National Meteorological Operations Centre

N\MP Numerical Weather Prediction

rms root-mean-square

si Scatter Index

SI Statistical Interpolation

SWH Significant Wave Height

TP TOPEX/POSETDON

U. S. United States

WAM WAve Model
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