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ABSTRACT

This thesisis concernedwith the diurnal cycle of seasurfacetemperature (SST).
The diurnal variability of SSTsareanimportant feature of the climate system. In order
to obtain accurateSST recordsand reduceerrorsin satellite derived SST estimatesan
understandingof the diurnal signalsin theseobsenationsareessetial. Satellite derived
SST obsenations measurethe skin and sub-skinlayerswhereasoceanmodelstypically
resole a 5 metre temperature. An understanding of thesedi erences are important
for assimilation of SST.

In this thesisa one-dimensionamixed layer oceanmodel is improved and deweloped
with the capability of represeting the dominant processevolvedin the dewelopmen
of the diurnal cycle of SSTs. The model is forced with operational forecastdata and
usedto build spatial mapsof the diurnal warming.

The extert of the diurnal warming at a particular location andtime is predominately
governedby a non-linear responseto the cloud cover and seasurfacewind speedsover
the day. The accuracy of the modelled SST is hampered by uncertainty in these
forcing variables. A novel algorithm is deweloped that usesSST obsenations to derive
correctionsto the wind speedsand cloud cover values. Thesecorrectionsare determined
sud that the correctedforcing valuesresultin model trajectoriesthat better t the SST
obsenations. Resultsreveal SST estimatesand air-sea uxes that are more consisten
with obsenations. This technique provides a dynamic obsenation operator that can
be usedto remove diurnal warming signalsfrom obsenations and provide estimatesof
skin to foundation temperature di erences. This new method is an invaluable tool in
providing accurate measuref the diurnal warming. Overall this thesishasadvanced
knowledge in modelling diurnal variability and establishedan improved method for

assimilating satellite SST obsenations by taking accoun of the diurnal cycle.
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Chapter 1

In tro duction

1.1 Motiv ation

Knowledge of seasurfacetemperatures (SSTs) has importance for humankind with
many valuable sccial and economicbene ts. The SSTis a crucial componert in many
physical, biological, and chemical processesvithin the Earth system. It is one of the
most important properties governing the exdiange of energybetweenthe atmosphere
and oceanand assud is of paramourt importancein air-sea ux calculations. A good
knowledgeof SST is therefore germanein our understanding of upper oceanphysical,
biogeahemical processesand air-seainteraction. SST is a variable widely used for
describing ocean circulation and dynamics. It has an important role in Numerical
Weather Prediction (NWP) as a boundary condition in General Circulation Models
(GCMs) and therefore is valuable for weather forecasting. For example a necessary
condition for the genesisof tropical cyclonesis that the SST be above approximately
26 C and SST mapsare usedto ewaluate oceanicheat cortent, which is important for
predicting hurricane intensity dewelopmen [126]and [45. It alsohasanimportant role

in climate sciencewhereit is viewed asa key indicator of climate changeand variability

53.



1.2 Air-Sea Interaction

The SSTmay be perceived asbeingdeterminedby a balanceof many processesinclud-
ing air-seaextange, oceantransport, and oceanmixing. Figure 1.1 illustrates these
principal environmental processeshat a ect SST. An understandingof theseprocesses
and their interactions s vital for the bene cial inclusion of global high resolution SST

obsenations into oceanmodels.

Air-Sea Exchange

T

) Ocean
Ocean Transport Mixing

Figure 1.1: A schematicdiagram il lustrating the various processeghat in uence SST

in the ocean-atmosphee system.

1.3 Oceanic Heat Budget

The heat budget of the oceanicmixed layer represetts a balanceof se\eral terms [132

Z
@ v ° oA, _Q+Q
ZMLD —+ ZmLp (Va:r at Vg r 21) + ( a ZMLD )We+ r V\a adz = c - .

p
(1.1)

@ ZMLD



From left to right the terms represen, local storage, horizontal advection (split into
meanand eddy terms), ertrainment, vertical temperature and velocity covariance,and
the combination of net atmosphericheating and vertical turbulent di usion at the base
of the mixed layer, where zy p is the mixed layer depth, , and vy = (ua;Vva)" are
the mixed layer depth averagedseatemperature and horizontal velocities, over-bar
represets atime mean, ; and vg are deviations from the mean, %, and v represen

deviations from the vertical average. The entrainment velocity we can be replacedby

@M@gD +r zup Va following [132]. The net surfaceheat ux without solar radiation,

denotedQ, can be split into the following
Q=Qe+ Qs+ Qnu: (1.2)

From left to right these componeris represen the latent heat ux, the net surface
long-wave radiation and the sensibleheat ux, with units Wm 2. The term Q,,,, can

be separatedas follows

— \woo .
QZMLD - IO IZMLD + CPWO Zmip ! (13)

where |, denotesthe net surfacesolar radiation, with units Wm 2. The mixed layer
doesnot absorball of I, afraction |, , penetratesbelov depth zy p . The nal ertry
is turbulent di usion at the baseof the mixed layer.

Simpli cations to this completeheatbudgetand a morein-depth look at the various

sourcesand sinks are presened in Chapter 3.

1.4 Observ ations

1.4.1 In-Situ Observ ations

A limited number of in-situ obsenations of SST are available from ocean moorings,
buoys, and ship obsenations. Argo oats [47] provide vital prole information of
temperature and salinity neededo initialise oceanmodels. In this thesisa fewresearb
moorings providing intensive periods of obsenations are usedto validate an ocean

model and dewelop assimilation routines.



1.4.2 Satellite Deriv ed SST

SST measuredfrom Earth obsenation satellitesis increasinglyrequired for usein the
context of operational monitoring and forecasting of the ocean, for assimilation into
coupledocean-atmospherenodel systemsand for applicationsin short-term NWP and
longerterm climate changedetection. The wealth of satellite SST data now available
for scieri ¢ researb opensthe possibility of large improvemens to SST estimation.
Currently there are many di erent operational SST data products available; most are
derived at leastin part from satellite systems[10§. Spaceborne SST obsenations are
derived from brightnesstemperaturesasmeasuredy infrared (IR) or microwave (MW)
radiometers. The performanceof infrared radiometersis hampered by cloud cover,
whereasthe microwave radiation is able to propagatethrough clouds,but obsenations

can be contaminated by heavy rainfall (seeSection6.3 for more information).

1.5 Diurnal Variabilit y

The optimal use of sud data, howewer, is not straight forward. Donlon et al [32]
discusseghe di culties in validation of satellite SST measuremets; they argue that
a better understandingof the spatial and temporal variability of thermal strati cation

of the upper-oceanlayers especially during low-wind speed conditions is fundamernal
for this validation. To utilise the full range of SST obsenations available (satellite IR
and MW, buoys, and ship measuremets) extreme care must be taken to accour for

the di erent depthsand local times of eat obsenation.

1.5.1 Temporal Variabilit y

Diurnal warming wasreported by Stommel[134 in 1969and hassincebeeninvestigated
by a number of authors at various locations e.g. [23], [104, [105, [15]], and [134.
Intense diurnal warming of the surface of the ocean commonly occurs in low wind
and clear sky conditions, when the wind-driven turbulence is insu cien t to erode the
near-surfacere-strati cation causedby absorption of solar radiation during the day.

This buoyant highly stratied warm layer leadsto an afternoon (local time) diurnal

4



peak, after which the amplitude decas as surfacecooling triggers oceaniccornvection
and surfacestresscausesvertical shear, breaking down the diurnal thermocline [104.
Warming in favourable conditions can be 3:5 C [135],although an astoundingdiurnal
variability of over 6 C hasbeenrecorded[4(. In cortrast, whenan active wind-driven
mixed layer is presen, the diurnal amplitude of surfacetemperature seldomexceedsa
few tenths of degrees.Indeed even under favourable conditions a sharp wind burst is
often enoughto break down the near surfacestrati cation [138].

Since SST retrievals by satellites are sensitive to a thin surfacelayer, this diurnal
warming e ect strongly in uences these measuremets. Often the local time of SST
obsenations are not taken into account when merging satellite data to produce obser-
vational products, e.g. Reynolds[113; this leadsto biasesin theseproducts. Problems
are also encouriered when assimilating SST obsenations as currert oceanmodels do
not try to resolethesediurnal e ects soadiurnally “corrupted' obsenation assimilated
into the model could result in a misleadingsignal. A more sensibleapproad beginning
to be adoptedis to ag obsenations that are taken during the day in low wind speed
conditions; this reducesthe likelihood of a bias due to diurnal warming, e.g. OSTIA

(seeSection5.3.5).

1.5.2 Spatial Variabilit y

As the solar heating warms and stabilisesthe upper ocean, limiting the downward
penetration of turbulent wind mixing, the thermal responseproducesa warm strati ed
layer in which air-sea uxes of heat and momertum are surfacetrapped. The trapping
depth is set by the opposing e ects of stabilising heat ux and destabilising surface
stress[104]. This warm layer is assaiated with the rise in SST and decreasen mixed
layer depth. This phenomenonresults in daily variability of the upper oceanvertical
temperature pro le. An idealisedtypical day and night pro le is seenin Figure 1.2.
A variety of SST obsenations from various sourcesare often usedin conjunction
without taking into accoun the depth at which thesetemperature obsenations are
represetativ e. Satellite obsenations especially, represeh a nearsurfacelayer; however,

these obsenations are assimilated into ocean models that do not resohe sud ne



spatial structure. The SST at 5 metres (the depth at the certre of the top grid box
in a typical high resolution oceanmodel) can be seeral degreescooler than the near
surfacetemperature. Without knowing the temperature di erences at the relevant

depthswe can not utilise all the information cortent available in obsenations.

1.5.3 De nitions

Evidently care needsto be taken in how the term "SST'is usedand de ned. What
follows is a classi cation of SSTsthat takes into account the vertical temperature
structure of the upper ocean. Thesewereintroducedby Donlon et al [32] and usedby
the GODAE High Resolution SeaSurface Temperature Pilot Project (GHRSST-PP)
and shall be adopted throughout this thesis.
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Figure 1.2: A schematicdiagram showinga typical vertical temperature structure of
the upper ocean at a) night and b) day. This schematicis reproduced from [107]



The interface SST, ( int), IS a theoretical temperature at the preciseair-seain-
terface. i, is of no practical use becauseit cannot be measuredusing current

technology.

The skin SST, ( sin), is de ned as the temperature measuredby an infrared
radiometer operating in the 10{12 m spectral wave-band. As sud, it represeis
the actual temperature of the water acrossa very small depth of appraximately
20 m. This de nition is chosenfor consistencywith the majority of infrared
satellite and ship mounted radiometer measuremets. As seenin Figure 1.2 the
skin SSTis slightly coolerthan the interior temperaturejust below; this is because

of evaporative and radiative cooling (seeSection3.5.9).

The sub-skinSST, ( subskin), represets the temperature at the baseof the thermal
skin layer. The dierence between j,; and gyskin IS related to the net ux
of heat through the thermal skin layer. For practical purposes, suskin Can be
well approximated to the measuremen of surfacetemperature by a microwave
radiometeroperating in the 6{11 GHz frequencyrange. suskin IS the temperature

of a layer 1 mm thick at the oceansurface.

depth OF (2), is the terminology adoptedby GHRSST-PP to represem an in-situ
measuremen near the surfaceof the oceanthat is typically reported simply as
SSTor \bulk" SST. For example ¢, or (6m) would referto an SST measure-

mernt madeat a depth of 6 metres.

The foundation SST, is de ned as the top temperature in the water column
free of diurnal temperature variability. This will be equalto the gein In the
absenceof any diurnal signal. It is namedto indicate that it is the foundation
temperature from which the growth of the diurnal thermocline dewelops eadh
day. The foundation SST product provides an SST that is free of any diurnal

variations (daytime warming or nocturnal cooling).



1.6 The Inuence of Diurnal Variabilit y

The diurnal cycleis a fundamertal signalin the climate system[157]. Increasingly it
is being seento have an impact on longertime scales.Many authors have commerned
on the signi cance of the diurnal cycleto the ocean-atmosphereoupled system (see
the discussionin Sections1.6.1{1.6.4). This is particularly true in the westernPaci c
warm pool, which experienceslarge diurnal amplitudes. The implications of a deeper

understandingof the diurnal variability will bene t se\eral areas.

1.6.1 Consequences for SST

Bernie et al [9] used a one-dimensionalmixed layer model of the oceanforced with
measuremets from the intensive observingperiod of the Tropical OceanGlobal Atmo-
sphereCoupled Ocean-AmosphereResmpnseExperimert (TOGA COARE). Compar-
ing model outcomesproduced from hourly uxes with those using daily mean uxes
they concludedthat in the western warm pool the recti cation of the diurnal cycle
of SST onto the daily mean SST accourted for one third of the magnitude of intra-
seasonabariability of SST. This built on the earlier ndings by Shinoda and Hendon
[128 who from similar experimerts indicate that the diurnal variation of short-wave
radiation signi cantly a ects the amplitude and phaseof the intra-seasonalSST vari-
ation. Danabasogluet al [26] included an idealised diurnal cycle of solar forcing in
the Comnmunity Climate System Model. The daily mean solar radiation received in
eadt daily coupling interval was distributed over 12 daylight hours. They found that
the mean equatorial SST in the Paci c was warmed by as much as 1 C, in better

agreemeh with obsenations.

1.6.2 Impact on Fluxes

The key paper in the study of diurnal warming e ects is that by Price and Weller
[104. A major conclusionfrom this paper is that the processof diurnal cycling plays
an important role in shapingthe long term responseof the upper oceanto atmospheric

forcing. Diurnal e ects on mean SST are noticed in the calculated air-seaheat uxes



which then have a feedbak e ect on future SSTs. NWP and climate simulations use
standard SST datasetssud as Reynoldset al [111 which produce morthly or weekly
mean xed bulk SSTs. TheseSSTsareusedin the calculation of the air-sea uxes. This
processcanleadto two sourcesof errors. Firstly the bulk SSTis not the temperature at
the interfaceand thereforeshould not be usedin any ux calculations;earlier we noted
that skinto bulk temperature di erencescanbe signi cant. This is somethingthat was
addressedoy Fairall et al [35] who deweloped a bulk ux algorithm that incorporated
a warm layer and cool skin e ect (seeSection3.5.8). The secondsourceof error stems
from the use of mean SST values which smooth out any diurnal variations in SST.
Ledvina et al [75] shaved that monthly, weekly and daily averagedbulk meteorological
parameters can lead to seriouserrors in uxes especially in equatorial, temporally
variable wind regimes. In another study in the western SargassdSeaby Cornillon et
al [23], they found that diurnal e ects produceda mornthly meanSST that was0:2 C

higher and resultedin a decreaseof 5Wm 2

in the meanheat ux enering the ocean.
Websteret al [15]] revealthat a1 C change(or error) in SSTwould result in a change
(or error) of 27Wm 2 in the net surfaceheat ux of the tropical westernPaci c. This is
greaterthan the meanair-seaheat ux (17:5Wm 2) obsenedover a v e morth period
in this region[154. Usingthe NCAR Community Climate Model Wei et al [153]shaved
that an improved simulation of the intraseasonalvariability in the westernPaci ¢ was
found with model runs forced by weekly SSTswith a parameteriseddiurnal cycle[15]]
over thosewithout a diurnal cycle. As explainedin the sectionabove Danabasogluet al
[26] found that diurnal couplingin the Comnunity Climate SystemsModel producedas
much as1 C warming to SSTsin the tropical oceans. Howewer a simple recti cation

of the diurnal cycle can explain lessthan 0:1 C of this warming. They state that

the atmospheric responseto the warm SST anomaliesdisplay a very di erent heat

ux signature and thereforethat large scaleair-seacouplingis a prime medanism for

amplifying the recti ed, daily averagedSST signalsseenby the atmosphere.



1.6.3 Repercussions for Mixed Layer Depth

Shinoda and Hendon[128]reported that the inclusion of the diurnal cycle of insolation
producesa shallover, warmer mixed layer overlying a colder sub-mixedlayer, as com-
paredto that producedby daily meaninsolation in modelling studiesin the western
Paci c. Danabasogluet al [26]found the meanboundary layer reducedin their diurnal
forcing experimerts with the Comnmunity Climate SystemsModel. Similarly, McCreary
et al [8(] found that diurnal forcing in the Arabian Seawas an important aspect of
mixed layer dynamicsand biology. With a three-dimensionalphysical-biologicalmodel
they show that diurnal forcing alters the mixed layer and biological responses,among
other things, by lengtheningthe time that the mixed layer is thick during the Northeast
Monsaon, by strengtheningthe spring and fall blooms and delaying them by 3 weeks,
and by intensifying phytoplankton levels during inter-monsan periods. In another re-
cert modelling study in the westernPaci ¢, Bernie et al [9] state that the inclusion of
the diurnal cycleenhanceghe strength of mixing acrossthe thermocline by the proper
represetation of the night-time deepmixing in the oceanimplying a recti cation of
the diurnal cycle onto the mean climate of the tropical ocean. Also in the western
equatorial Paci ¢ Shinoda [127 identi es upper-oceanmixing processesluring night-
time asthe medanism by which the diurnal cycle modulates the intra-seasonalSST.
Surfacewarming during daytime createsa shallonv diurnal warm layer near the sur-
face,which can easily be eroded by surfacecooling during night-time. Further cooling
beyond eroding the previous days warming is di cult becauseit requiressubstartial
energyto erntrain deeper water into the mixed layer. Sincethe shallov mixed layer
is not formed in experimerts with daily mean surface uxes, the SST for the hourly

forcing caseis warmer most of the time due to the diurnally varying solar radiation.

1.6.4 Eect on Horizon tal SST Gradien ts

Katsaros and Solowviev, in [66] and [67], have illustrated how horizortal SST discon-
tinuities occurring at fronts, eddies,and in storm wakes are diminished by diurnal

variability. Numerical modelling and some eld results were usedto show that if both
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sidesof a horizontal SST disconiinuity experienceidertical clear sky, low wind speed
conditions, then the warmer side will produce a wealer diurnal SST signal than the
cooler side. This is becauseon the warmer side the greater SST will causea larger
heatreleasgresulting from long-wave radiation and latent and sensibleheat ux losses)
from the oceanand thus dampen diurnal warming when comparedwith the colderside
of the front. Thus, in this situation, remotely senseddata of the seasurfacetaken dur-
ing the day would reveal a much reducedor even vanishedhorizortal gradiert when
comparedto the initial (pre diurnal warming) horizontal gradiert. Howe\er, the true
horizontal gradiert would still be presemn below the shallov diurnal thermocline. This
masking or camou aging of horizontal gradierts in remotely sensedSST data could
have adversee ects for usersof sud data e.g.the shing industry, in the estimation

of acoustictransmission,and the forecastingof hurricane dewelopmer.

1.7 Diurnal Variabilit y Mo delling

Attempts to model the upper oceanresponseto diurnal heating, cooling, and wind
mixing are limited in number. Accurately modelling diurnal variability is di cult asit
involvesthe complexnon-linear interaction betweenoceanand atmosphere.Howe\er,
attention shouldfocuson a few coreissues:the choiceof mixing parameterisations, ux
forcing resolution, vertical grid resolution, and the penetration of solar radiation. In
this sectiona review of studiesthat have speci cally focusedon modelling the diurnal
cycle of SSTsis presetted, focusingon the above issues.

The rst detailed modelling study of the diurnal cyclewasby Price et al [104 who
deweloped a bulk model dependert on the generationof shearinstability at the baseof
the mixed layer. This model was alsousedby Shinoda to model diurnal variability in
the westernequatorial Paci ¢ [128 and [127. Hallsworth [50] comparedthe Price bulk
mixed layer model with a turbulence closure model called GOTM (See Chapter 2)
at two mooring sites and consistetly found GOTM performing better at modelling
the diurnal cycle of near surfacetemperatures. An alternative earlier bulk model by

Kraus and Turner [72] was comparedto the diusion model of Kantha and Clayson
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[62] in a study on modelling the diurnal thermocline by Horrocks et al [52]. They found
that the Kraus-Turner model reasonablyindicated when diurnal thermoclines should
be expected, but was inadequateat predicting the magnitude. The main limitation
was the relianceon medanical and buoyancy driven mixing, which under strong solar
heating and low wind speedis non existert and thus leadsto heat build up with no
medanism, sud as di usion or conduction, to draw heat downwards. Whereasthe
Kantha-Clayson model was far more e ective at predicting diurnal amplitudes.

Essemial to modelling a diurnal cycle of SST is to force the model with diurnally
varying surface uxes especially the solar radiation. Howewer high frequencyforcing
data are not always available; this preseits a major restraint on diurnal modelling. Di-
urnal modelling studieshave often beenbasedat the TOGA COARE site ([151], [127,
and [9]) where high resolution obsened meteorology (every 15 minutes) is available.
Bernie et al [9] performedexperimerts with varied ux frequenciesand concludedthat
to capture 90% of the diurnal variability of SST, 3 hourly ux forcing was required.
Howewer Horrocks et al [52] used 6 hourly surface uxes from the Met O ce NWP
analysisand corverted the solar ux to a ner resolution. This was done by using an
integral equationto nd a peakinsolation value from the 6 hourly means. The peak
insolation value was assumedto occur at noon with a smaooth variation in time either
side of the peak. A similar technique was also used by Hallsworth [50] who used 6
hourly NWP solar uxes to adjust a clear sky value at a ner resolution. The use of
NWP data in diurnal variability modelling is far from ideal, particularly with regards
to the 6 hourly meanwind stress,as the diurnal cycle can be extremely sensitive to
ne scalewind structure [138]. This limitation hasto be accepted;howewer, we are
required to do the bestwe can within theseconstrairts.

Mixed layer modelscan easilybe set-upto run with a ne nearsurfacevertical grid,
neededto capture the diurnal thermocline. In the westernPaci ¢ warm pool an upper
layer thicknessof order 1 metre is requiredto capture 90%of the diurnal variability [9].
The diurnal variability descrikedin [9] is that obtained from temperature obsenations
measuredat a depth of 0.45 metres. Satellite obsenations measurea much ner near

surface;this is why Horrocks et al [52] had a top grid layer thicknessof 2cm, increasing
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exponertially to 60cm at the 60" layer, when comparing model output to AATSR
obsenations. Hallsworth [50] had a vertical grid with thicknessof order certimetres
near the surfacedecreasingo order metresat deeper depths.

Another area of importance for diurnal cycle modelling is the penetration of so-
lar radiation into the ocean (seeSection3.3). In [104 they useda parameterisation
by Paulsonand Simpson[100] (seeSection3.3). This parameterisationis still widely
usedin diurnal modelling studiese.g. [9] and [127 in spite of its inappropriatenessfor
accuraterepresemation of diurnal warming, presumablybecauset is still usedin the
majority of currernt climate models. Improvemerts are, however, made by Horrocks et
al [52]who implemert the more appropriate 9 band parameterisation[101. Hallsworth
[50] experimerted with se\eral parameterisationsincluding decompsingthe full spec-
tral rangeinto 278 intervals. Howewer, the absorption of SWR in the upper ocean
is highly dependen on classi cation of water type (seeSection 3.3). In [84] C. Don-
lon and G. Wick recommendthat more of a focus on the biological impact of solar
penetration should be taken asthis is a known issuefor strong diurnal variability and
modi cation of the vertical pro le. Websteret al [151]implemenied a parameterisation
of 3 spectral intervals with coe cien ts determined from the ocean'sbio-optical state
[89 (seeSection3.3).

1.8 Thesis Aims

The complexinteractions acrossand in the vicinity of the marine boundary layer have
beenhighlighted and a detailed description given of the physical processest play in
the dewvelopmen of the diurnal cycleof SSTs. Although the physicsare known in some
detail, modelling this non-linear systemis still very much in its infancy. Dewvelopmerns
in mixed layer models have been seenin recent decades(e.g. [104], [74], [62], and
[149), but rarely has this focusedon modelling the diurnal cycle of SSTs (seethe
above section). As sud the rst aim of this thesisis to improve and dewelop modelling
capabilitiesin this area.

Another issuehighlighted in this introduction is how satellite obsenations of SST
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represeh temperaturesat the skin and sub-skinlayer which are very much in uenced
by diurnal strati cation, whereastop grid boxesin climate and oceanmodelsrepresen
a temperature at a much deeger depth without any (or a much reduced)diurnal vari-
ability. This discrepancyis a concernfor weather forecasting, four-dimensional data
assimilation, and ocean-atmospherecoupled modelling, and is only beginning to be
addressedsillustrated by the recen article of Zengand Beljaars[159, who dewelop a
prognosticsthemeof seasurfaceskin temperature for modelling and data assimilation.
The secondaim of the thesisis thereforeto provide an accurate bridge between skin
and bulk temperatures, and to dewelop an obsenation operator for usein the data
assimilation processby providing an accurate transformation from obsenation space
to model space.

The dicult y in utilising the wealth of satellite SST obsenations is not only ac-
courting for errors assaiated with the diurnal cycle and skin to bulk di erences, but
deciding how actually to best assimilate the obsenations into the model. This di -
culty emanatesfrom the questionof how to sensiblyadjust prognostic variables, and
how information transfersfrom the surfaceinto the oceandepths (this is discussedn
more detail in Section5.3). Thus the third aim of this thesiswill be to dewelop novel
techniguesfor making judicious useof available SST data in assimilation.

With an e ective model that accurately captures diurnal variability and a data
assimilation schemethat maximisesthe use of information cortent from the satellite
obsenations, the nal aim will be to produce spatial diurnal variability maps. It is
hoped theseproducts will provide valuableinsights into the global extert and seasonal
changein diurnal warming patterns, which, asexplainedearlier, hasbeenincreasingly

seento have importance on longer timescales.

1.9 Thesis Outline

The following is a brief outline of the remainder of the thesis.
Chapter 2 introducesthe numerical model that is usedthroughout this work. A

presemation is made of the system equationsincluding turbulence closure and their
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numerical discretisation. An outline of previoususesof the model is also given in this
chapter.

In Chapter 3 the theory behind the methods for calculating the forcing, neededto
drive the model, are descrited in detail. This includesderiving parameterisationsfor
short-wave radiation, oceanradiant heating, long-wave radiation, and the turbulent
air-sea uxes.

Chapter 4 is the start of the new results. Here ndings are preseited from initial
experimerts performed using data from three upper ocean mooring sites. At these
sites the model is tested with di erent air-sea ux algorithms and radiant heating
parameterisations.Resultsare presened at ead site. Further scenariosare alsotested
including changing cloud cover and using a reducedresolution of forcing data.

In Chapter 5 the topic of data assimilation is introduced. Firstly a generaldata
assimilation formulation is derived. Following this, a review of current SST data as-
similation techniquesand their applications is provided. This chapter then moveson
to presen novel results gained from exploring various di erent approatesto the as-
similation of SST. Theseroutines weretested usingthe buoy data setsand a discussion
of the successand di culties involved in this work is presered.

In Chapter 6 the work is extendedby using global operational forecastand analysis
data to forceand initialise the model on a much larger scale. Findings are presemned on
the sensitivity of the model to various model set-up and input options, and the model
is suitably adapted and re ned for the purposesof modelling diurnal variability. By
comparisonto remotely sensedSST obsenations it is shovn how this tailored model
can be usedasa tool to produce spatial diurnal variability maps, and the signi cance
of thesenew results are discussed.

Chapter 7 outlines a new data assimilation algorithm which assimilatessatellite
obsenations into the modelled diurnal cycle by correcting the forcing data. This al-
gorithm was applied over a wide area using a conbination of IR and MW satellite
obsenations. Results producedby this new method are presened and a discussionof
the improvemerns to SST estimation is given.

The nal chapter provides a summary of the thesisand draws generalconclusions
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from the work. Areas for further researt that could build on the foundations laid in

this thesisare alsoidenti ed.
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Chapter 2

The Mo del

2.1 Intro duction

One-dimensionalmodelling of the oceanic mixed layer has been widely usedin the
dewelopmen of turbulence and air-sea ux parameterisations. Full scaleoceanand
climate models are computationally expensive and are time consumingto run; thus
an advantage of the single column model is the ability to perform multiple model
simulations in a relatively short amourt of time. The oceanicmixed layer model also
has reduced complexity and size which allows the user to becomefully acquairted
with the model. These characteristics provide the malleable framework for testing
parameterisations. One-dimensionalmixed layer models are particularly suitable for
modelling the diurnal variability of SST becausemuch greater near surface vertical
resolution can be adiieved comparedwith larger ocean models where computational
limits are apparert. This ne vertical resolution is essetial for the ability to capture
the diurnal thermocline which is of paramourt importance in estimating SST over
diurnal time-scales,whereasthe horizontal scalesof three-dimensionalocean models
are of limited importancein the dewelopmen of the diurnal cycle of SST.

Vertical excdhangeprocessescrossthe air-seaboundary, aswell as vertical mixing
within the water column, are likely to a ect the local conditions much more rapidly
and e ectively than horizortal advection and horizortal mixing [93]. This is the as-

sumption adopted when using a one-dimensionaimodel wherehorizontal gradierts are
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not considered.

Ocean mixed layer modelling can generally be categorisedinto two broad ap-
proaches: bulk and di usion. Bulk models attempt to model the mixed layer in an
integral sense(e.qg. [72] and [104). The governing equationsof heat and momerium
are integrated over the mixed layer and the balanceof heat and momertum over the
ertire mixed layer is adjusted by the e ects of momertum and buoyancy uxes. On the
other hand di usion modelsdirectly parameterisethe turbulent mixing and di usion
in the mixed layer (e.g. [83],[74], and [62]).

For this thesisa di usion type model called the GeneralOceanTurbulence Model
(GOTM) was chosen. This model is freely available for download together with doc-
umertation at [85]. Originally publishedin 1999[15] it has beenregularly extended
sincethen [149.

2.2 System Equations

The system equations consist of PDEs for momertum (a 1-D appraximation to the
Navier-Stokes equation), heat, and salinity (1-D di usion equations)conbined with a
2-equationturbulence model. The state variables: horizontal seawater velocities, v =
(u;v)T; potertial seatemperature, ; and salinity, S are all assumedo be horizortally

homogeneousThe systemequationsare as follows

%:g ((+ m)% Cfvpm; (2.1)
%: g 0, % ; %% 2.2)
2-2 w2y 2.9
with initial conditions
v(0) = vo; (2.4)
0)= o (2.5)
S(0) = So; (2.6)



and Neumanntype (ux) surfaceand berthic boundary conditions

1
(¢+ m)%:—o at z=0 and (¢+ )%:O at z= H; (2.7)
@ A z=0 and P 20 a zz H(28)
04 s %:o at z=0 and 2+ 3 %:O at z= H: (2.9

The rst terms on the right hand sidesof equations(2.1), (2.2), and (2.3) generate
the mixing. Fixed valueshave been prescribed for the molecular di usivities of mo-
mertum, heat, and salt denoted ™, , and S respectively. The computation of the
turbulence di usivit y parameters  and Qis discussedn Section2.3.

Bottom friction is treated implicitly usingthe secondterm on the right hand side
of equation (2.1).

The sourceterm in equation (2.2) and the surfaceboundary conditions (2.7) and
(2.8) arediscussedn detail in Chapter 3. The referenceseawater density (1025kgm 3)
is denoted ( andthe speci ¢ heat capacily of seawater at constart pressureis denoted
¢, and taken to be 3994Jkg 'K *.

2.3 Turbulence Closure

2.3.1 Intro duction

The Oxford ConciseScienceDictionary [54] de nes turbulence as:

A form of uid ow in whichthe particles of the uid movein a disordered
manner in irr egular paths, resultingin an exchangeof momentumfrom one

portion of a uid to another.

A measureof turbulencein a uid is the Reynoldsnumber

_ Ul

Re (2.10)

whereU is the mean uid velocity, | a characteristiclength scale,and is the kinematic

uid viscosiy. In high Reynoldsnumber regimes,irregular and ephemeralclosed ow

19



structuresarisecallededdies. Eddy motion is complexand the detailslittle understood,
howewer stochastic averageproperties of the ow (averagesover many realisationsin

statistical theory) can be formulated [145].

2.3.2 Turbulen t Kinetic Energy (TKE)

To completeclosureof equations(2.1), (2.2), and (2.3) we needto computethe turbu-

lenceparameters ; and . As descrited in [149, thesecan be expresseds
. = ¢ kzl; (2.11)

wherek is the turbulent kinetic energy | is a typical length scale,and c is a stability
function (replacec with c® for computing 9. Weemploy a so-called2-equationmodel,
wherely both k and | are computedfrom partial di erential equations. The turbulent

kinetic energytransport equation, known asthe k- equationis written as

@_0 &

—— +P+B 2.12
@ @ @ (212)
whereP is the production of k by meanshear,
@u @v
P= t @ + @ ; (213)
and B is the production of k by buoyancy given by
@
B=g 9@: (2.14)

The length scaleequationis formulated via the related length scaledetermining variable

, the rate of dissipation, which is obtained by solving

@_ @ @
G- G —t@ +p(cP+cB c,): (2.15)
The length scaleis then computed from
3
LSS (2.16)

This follows the model of Rodi [115 who used constaris ¢c® = 0:5577, = 1:0 (the
Sdmidt number for k), = 1:3 (the Sdmidt number for ), ¢, = 1:44,c, = 1:92,
and c, is 1:0 for unstable strati cation and 0:035for stable strati cation. For a more
detailed description of the turbulent closuresdiemeand the solution procedurerefer
to [147 and [149.
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2.3.3 Wave Breaking

The k{ 2-equationturbulence model hasbeenmodi ed sud that the analytical con-
cept of a wave-enhancedayer located on top of the classicallaw-of-the-wall layer is
reproduced. This follows work by Craig and Banner [24] who suggestednodelling the
ux of TKE dueto breakingwavesinto the water column as proportional to the cube
of the surfacefriction velocity. In order to implemen this parameterisationinto the
k{ 2-equationturbulence model, Burchard [11] modi ed two featuresof the dissipa-
tion rate equation for : the surfaceboundary condition and the turbulent Scimidt
number . It shouldbe noted that wave breaking should only be usedin conjunction
with near surfaceresolution of O(cm), and that the physics of this region of complex

dynamicsis still in its infancy. The useof this option wastestedin Section6.5.1.

2.3.4 Internal Wave Mixing

Internal wave mixing is another areawherethe physicsis not adequatelyunderstood
enoughto con dently parameterise.In this model we follow the suggestionof Kantha
and Clayson [62] who imposededdy viscosity and di usivit y characteristic of internal

wave activity and shearinstability whenthere is extinction of turbulence.

2.4 Grid

For the purposesof this study we construct a non-uniform grid for GOTM which

consistsof 150 vertical levels resolving a depth down to 150 metres. This grid has
much ner spacingnearthe surfacein orderto resol\e the diurnal thermocline. The top

temperature represets a meanvalue over a grid box of 0:030metresthickness,whereas
the bottom temperature represets a meanvalue over a grid box with thickness3:015
metres. This grid zooming is applied accordingto the formula

tanh i  tanh 1
h =1 50 50 _. 2.17
= 150 tanh(3) ’ (2.17)

whereh; represets the thicknessof the it" layer asillustrated in Figure 2.1. This grid

distribution resultsin 67 model layerswithin the top 10 metresof ocean.
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Figure 2.1: A sketchof the madel grid made up of 150 non-uniform layers.

2.5 Numerics

Equations ((2.1), (2.4), and (2.7)), ((2.2), (2.5), and (2.8)), and ((2.3), (2.6), and (2.9))
can essetially be written in the form of a simple di usion equation with Neumann

boundary conditions:

X _ @ &
—_— == - ; 2.18
@ @ @ (2.18)
@&
G- Fs for z=0; (2.19)
@8
—=F for z= H: 2.20
@ b (2.20)
Theseequationsare discretisedsemi-implicitly usingthe -method
X n+ X N+
ngol Xf5o _ Fs ?49 zi(lhsisw hlliz) )
= ; (2.21)
t hiso
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n+ n+ n+ n+
n >(i+1 >(i n Xi Xi 1

Xmoxn o TRy i1 Thi+h 1)
Xr - , (2.22)
xn+ xl’\+
Xn+1 X n 5_] 2;71 Fb
1 t 1 _ 2(h2;]hll) : (2.23)

for 1 < i < 150, wherethe layer thicknessh; is given in Equation (2.17). The semi-

implicit time level is de ned by
XM = X™y@ XM (2.24)

The value of is chosento be 0.6 which is slightly more implicit than the Crank and
Nicolsonscheme[25], in order to obtain asymptotic stability. Becauseof the implicit
treatment of vertical di usion and the absenceof advection there are no limitations
by Courant numbers. The resulting linear system of equations (2.21) { (2.23) hasa
tri-diagonal matrix structure which is solved by meansof the Thomas algorithm (a
simpli ed Gaussianelimination).

The numerical discretisation of equations (2.12) and (2.15) are slightly di erent
from those above, due to the constraint that turbulent quartities are generally non-

negative. Equations (2.12) and (2.15) can be written in the simple form,

%:P QX; P;Q> 0 (2.25)

with X denoting a non-negative quartity, P a non-negatiwe sourceterm, QX a non-
negative linear sink term, and t denotingtime. P and Q dependon X andt. A simple
discretisation of (2.25) would be

Xn+1 Xn

t P" Q"X"; (2.26)

which to keepthe solution positive would require an unreasonabldime step restriction

of
X n
t< Xnon P (2.27)
Thereforea quasi-implicit numerical procedure[99 is applied
X n+1 X n
= _=p" Q"X (2.28)

t
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which always yields a non-negative solution for X "*2

X"+ PN

Xt = :
1+ tQn

(2.29)

The mean ow variablesu, v, , and S are located at the certre of vertical layers
as they represen interval means,whereasthe turbulent quartities k, , I, P, and B

are positioned on the grid layer interfaces,seeFigure 2.1.

2.6 Mo del Validation

GOTM has been utilised as a researt tool for the scieriic comnunity with many
published test casesand results [86]. GOTM has been widely used as a platform
for the study of turbulence [12], [147, and [148], and has beendeweloped for various
applications including biogeahemical modelling [13] and [1]. It hasbeenusedasthe
basisfor a variety of di erent processand casestudiesincluding [108],[133, [16], and
[14]. Most relevant to this thesisis the work of S. Hallsworth [50] who has recerily
utilised GOTM speci cally for the purposeof modelling the diurnal variability of SST

(seeSection1.7).
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Chapter 3

The Forcing

3.1 Intro duction

The dynamic coupling of oceanicand atmospheric processess inextricably linked to
the uxes acrossthe marine boundary layer. Knowledgeof their variability on di erent
space-timescalesis therefore crucial for understanding ocean-atmospherenteraction.
Thermodynamic interactions acrossthe air-seainterface are complexand varied. The
seasurfacereceivesshort-wave solarradiation of which an amourt is re ected while the
remainder penetratesinto the oceanicsurfacelayer. Long-wave radiation is emitted
from the oceansurfaceinto the atmosphere,as well as from the atmosphereinto the
oceansurface. Alongsidethe radiative transfers, are sensibleand latent heat transfer.
Sensibleheat raisesor lowers air temperature by conduction. The larger componert is
the latent heat transfer due to evaporation. Momertum transfer is alsoin operation

generatedas the winds blow acrossthe air-seainterface.

3.2 Short-w ave Radiation

Short-wave radiation (SWR) is consideredas the radiation whosesourceis the sun,
and is comprisedof a spectrum of wavelengths. The down-welling SWR at the sea
surface, otherwise known as the surfaceinsolation, can be obtained from measured

obsenations using a pyranometer, prescribed from operational analyses,or calculated
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asfollows. The surfaceinsolation under clear skiesmay be split into a direct and di use
componert

Ly = Tair + lagi : (3.1)

Thesecomponerts are then calculatedfollowing the approad of Rosati and Miyakoda

[116. The direct componen is written as
lar = Socog! ) =), (3.2)

where S, denotesthe solar constart estimatedto be around 1370Wm 2, and! is the
solar zenith angle (the angle measuredat the earth's surfacebetweenthe sun and the

zenith). The cosineof the solar zenith angle can be written as
cos( ) = sin( ) sin( ) + cos( ) cos() cosh); (3.3)

where denoteslatitude, denotesthe sun declination angle (the angle betweenthe
Earth-sun line and the equatorial plane), and h denotesthe sun's hour angle (which
is the angular distance, expressedn hours, minutes, and secondgone hour equals15
degrees) measuredwestvard along the celestial equator from the obsener's celestial
meridian to the hour circle of the object being located). Finally  (in Equation (3.2))
denotesthe atmospherictransmissioncoe cient which represets the attenuation of
l4r by the atmosphereand is set at 0:7. The diuse clear sky radiation has been

approximated by
lsi = (1 Aa)Socoq!) lgr)=2 (3.4)

This says that when scattering occurs, half is scattered downward and the other half
bak. A, represets water vapour and ozoneabsorption taken to be 0:09. Next a
modi cation to |, dueto cloud cover is needed.A comparative study of thesemethods
by Dobsonand Smith [31] found that the Reedformula [109] gave the best long-term
meaninsolation values. The Reedformula hasbeenwidely usedin the oceanographic
community and is surprisingly accuratefor sud a simple expression[97]. The Reed

formula is as follows
lo=14(1 C,n+ 0:0019)(1 ); (3.5)
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wheren is the fractional cloud cover, ¢, the cloud cover coe cient setas0.62, the
solarnoon angle,and the albedocalculatedasa function of sun altitude asdescriked
by Payne [103. This formula is usedonly for 0:3 n 1, with 1o = 14(1 )
otherwise,[43].

Numerousstudies have ewvaluated the accuracyof Equation (3.5) (e.g. [31], [120Q,
and [70]) nding small, but di erent, regional biasesand generally supporting its use
for long time averageinsolation over the sea. Calibration basedon radiometric mea-
suremeits canimprove the accuracyof the formula for particular regions. For example
this was done by Sdiano [120 over the Mediterranean Seawhere the transmission
coe cient, , wasreducedfrom 0.7to 0.66due to a regional misewaluation of aerosols
and water vapour attenuation. Sdiano alsoshaved how the coe cient A, could vary
accordingto measuredwater vapour density. This wasonly donein the clear sky case
indicating an error not in the cloud correction of Reed,but the transmissioncoe cien t
originally chosenby Sed&el and Beaudry [122]. A correction using an inversemethod
and direct oceantransport estimatesby Isemeret al [55]over the North Atlantic Ocean
alsoslightly reducedthe transmissioncoe cient from 0.7to 0.69but alsoincreasedthe
cloud cover coe cient, C,, from 0:62to 0:636. Howewer an empirical formula sud as
this cannot be universally calibrated and its accuracywill always be restricted because
the surfaceinsolation is determined by not only the portion of cloud cover, but also

the optical thicknessof the cloud, which varieswidely under the samecloud amourt.

3.3 Oceanic Radiant Heating

In the Heat Equation (2.2) we have a sourceterm which is known asthe radiant heating
rate
; (3.6)

Qe

1
Co

where
| = 1of (2); (3.7)

I o isthe total net ux of surfacesolarradiation andf (z) is the solartransmissionwhich

descritesthe changein solar ux with depth. Solartransmissiongivesthe fraction of
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the incident surfaceirradiance that exists at depth. This can be parameterisedas a
sum of exponertials

f(2) = X Aiexp( Kiz): (3.8)

i=1

The di cult y in modelling radiant heating comesfrom determining the coe cien ts A;
and exponerts K; aswell ashow and why they vary. The most widely usedapproad
is that of Paulsonand Simpson[10Q who separatedlight into two distinct wave-band
groups(red light and visible blue/greenlight) to accour for their di erent attenuation
lengths. This two band parameterisationhasa rst term which characterisesthe rapid
attenuation of light in the upper 5m due to absorption of the long-wave (red) spectral
componerts while the absorption of visible (blue/green) spectral componerts below a
depth of 10m is characterisedby the secondterm. The coe cient and exponert values
are determined empirically as a function of the Jerlov water type [57] (a classi cation
of six di erent water typeswith increasingturbidit y). This technique was extended
by Paulsonand Simpson[101]to the full spectral range including the near-infrared,
which can be a signi cant fraction of the total irradiance. They derived parameters
for nine wave-band groups basedon pure water data and noted improvemertis in the
radiant heating over previous parameterisations. More recenly with the advert of
oceancolour sensorsn spacesud asSeaWiFS(Sea-viewingWide Field-of-view Sensor)
more sophisticated solar transmission parameterisationshave beendewloped. These
parameterisations,for example by Morel and Antoine [89] and Ohlmann and Siegel
[95], allow for variations in parametersbasedon remotely senseddata of chlorophyll-a
pigmerts in phytoplankton which are the dominart attenuators of visible energyin

oligotrophic open oceanwaters [130],[88].

3.4 Long-w ave Radiation

Long-wave Radiation (LWR), denotedby Qg, is consideredas radiation whosesource
is the emissionof thermal infrared by atmosphereand seasurface. The net LWR s split
into down-welling and up-welling componerts. The down-welling radiation originates

from the emissionby atmospheric gases(mainly water vapour, carbon dioxide, and
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ozone),aerosolsand clouds. The up-welling radiation is emissionfrom the seasurface,
depending on surfaceemissivity and i, augmened by a small cortribution due to

re ection of the down-welling LWR. Thereforewe have
Qs = s (1 L)QE: (3.9)

The largestcomponert is the up-welling part, which is most accuratelycomputedusing
the Stefan-BoltzmannLaw, (  %.,) where is the surfaceemissivity takento be 0:98,

is the Stefan-Boltzmannconstant (5:67 10 8Wm 2K #), and | is the long-wave
re ectivit y taken to be 0:045. To compute the LWR either measuredobsenations of
Q’; (the down-welling componert) from a pyrgeometer can be used, or Qg can be
obtained from operational analyses.Alternativ ely the LWR can be parameterised;in
GOTM a formula by Clark is used[21]:

Qe = 4n(039 00%™)1 )+ 4 Zi(sin Ta) (3.10)

where e is the water vapour pressurein surfaceair with units of millibars, n is the
fractional cloud cover, T, the air temperature in Kelvin and , is a latitude dependen
cloud cover coe cient. Many other parameterisationsare also in existencebut, a
review by Katsaros [65] found Equation (3.10) to be most accurate with a bias of
only 55Wm 2. More recen parameterisationsby Bignami [10] and Josey[58] have
beenshovn to be more accuratebut only in certain arease.g.the Mediterraneanand

mid-high latitudes respectively.

3.5 Turbulen t Fluxes

3.5.1 Intro duction

The turbulent uxes consistof the latent and sensibleheat uxes and the two compo-
nerts of the wind stress. The turbulent uxes are extremely di cult to measureand
soare computedfrom parameterisationsusing readily available basicvariablessud as

wind speedand air temperature.
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3.5.2 Reynolds Av erages

This is a technique that allows us to decommsea o w into componerts of meansand
uctuations. For examplea meteorologicalvariable x can be split into componerts X,
represeting a time or spatial averageand x° a uctuating part about that mean, so
that x = X+ x°

A consenration equation for the ensenble meanof variable x, denotedas X , is

%g;:: rpaX U @?2;%%

where the subscript h denoteshorizontal componerts and I, is the sourceterm. In

+ 1y (3.11)

brackets we have a Reynolds ux w%° de ned by the Reynolds averagesdescriked

above.

3.5.3 Observ ations

Direct obsenation of a Reynolds ux can be achieved via two separateinstruments at
a single level, recording cortinuous high resolution time seriesof w® and x% This is
not easyand measuremets at seahave particular di culties related to salt and sea
spray, ship motion, and air- o w distortion. A lessdirect technique for observing uxes
called inertial dissipation (see[38]) has also beendeweloped. Howewer, becausethese
obsenations require great care and attention and are not routine, surface uxes for
numerical models are calculatedindirectly usingthe socalled bulk formulae descrited

next.

3.5.4 Monin-Obukho v Similarit y Theory (MOST)

The Reynolds ux canbe computedby an application of MOST. This is a method to
superposethe e ects of two typesof forcings, rst described by Monin and Obukhov
[87). A surface ux can be represeted by mean quartities of measuredatmospheric
properties. For instance, cortinuing the exampleof the conseration equation, (3.11)
above, we now introduce the scaling parameterx = w%® which is basedupon mean
guartities x = C,U X. Here X isthe air-seadi erence in the meanvalue of x, U

is the meanwind speed,and C, the transfer coe cien t.
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3.555 Bulk Formula

Using the above theory, we are now able to expressour turbulent uxes for wind stress

= (x y)T, latent heat Qg, and sensibleheat Qy asfollows,

= aW: aju ju ; (312)
Qe = aLVW: al—vju Jq ; (3.13)
Qu = acpaWZ acpaju T : (3.14)

Herew® T o and u® represen the turbulent uctuations of vertical wind, temper-
ature, water vapour mixing ratio, and the horizortal wind componerts u = (u;v)’
respectively; andu , g and T are the related Monin-Obukhov similarity scaling pa-
rameters.

The standard bulk expressiondor the uxes are then written as

= aCp (ju(hy)j jvsj) (u(hy)  vs); (3.15)
Qe = abLvCe (ju(hy)j jvsj) (a(hg)  G); (3.16)
Qn = aGaCh (u(hy)j jvsj) (Ta(hr) skin) - (3.17)

The functions Cp, Cg, and Cy are known asthe transfer coe cien ts; u(hy), q(hg),
and T,(ht) arethe obsened wind velocities, water vapour mixing ratio (obtained from
obsened relative or speci ¢ humidity), and obsened air temperature at measuremen
heights h;; vs, ¢, and i, are the surfacevalues;and L, is the latent heat of vapori-

sation.

3.5.6 Transfer Coecien ts

To derive equationsfor the transfer coe cien ts we start with the dimensionlesro le

equations
h @< u>
T e ™ (3.18)
h @< g>
; @;1 = . (3.19)
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h@a< Ta>_ |
T @ U
The quartities in angular bradkets represeh meanvaluesin time, denotesthe von

(3.20)

Karman constart, and ; are functions of the stability parameter = h=L, wherelL is
the Monin-Obukhov length de ned as
Tju j°
= 21
T, denotesthe virtual air temperature and h the height above the surface. Integrating

(3.18){ (3.20) from the surfaceto the measuremen heigh gives

uhy) = ug+ 9 Mo . (3.22)
Zy

qhg=c+d m (3.23)
T h

Ta(hT): skin+_ |n —T T (3-24)
ZoT

where the functions ; (the integrals of ;) are stability correctionsto the pro le.
The quartities z, Zoq, and zor are the roughnesslengths (the heights at which the
extrapolation of the logarithmic pro les read the respective surfacevalue under neutral
conditions, see[98] or [73] for discussionson this topic).

Therefore using equations (3.22) { (3.24) together with equations(3.15) { (3.17)

the transfer coe cien ts can be written as

- 2 hU 2.
Co= 2 In - m (3.25)
h ! h !
Ce= 2 In ﬁ q In Z—: mo (3.26)
q
h ! h !
Ch= 2 In é T In Z—: o (3.27)

This complex system of equations essetially provides surfacesin u , q, and
T for given quartities (u (hy) Vs), (q(hg) &), and (Ta(ht)  skn). The triplet
(u ;q;T) chosenfor computing the uxes in equations(3.12) { (3.14) will be the

intersection of thesesurfaces.
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3.5.7 Kondo

Deriving parameterisationsto calculate air-sea uxes is very di cult. Many approx-
imations are neededand much of the physicsis not well understood. A plethora of
di erent approades have been dewloped and implemened over the years. A good
referenceguide to many of the methods is presened in [97]. In the public domain
version of GOTM the method of Kondo [7]] is used. In this method the transfer co-
e cien ts under neutral conditions are approximated by a quadratic function of the
10 metre wind speeds. These are then usedtogether with an appraximate stability
formula to nd the transfer coe cien ts proper. Much advancemehn in the scienceof
parameterisingturbulent uxes has beenadhieved since Kondo's publication. There-
fore we implemerted a more recert and advancedalgorithm (seeSection 3.5.8 below)

into GOTM.

3.5.8 TOGA-CO ARE Algorithm

A newer sheme devisedand updated by Fairall et al, ([37] and [36]) for the TOGA
COARE region hasbeenfound to be accuratewithin 5% for wind speedsof 0{10ms *
[36], and is consideredstate-of-the-art. This schemewas studied and implemerted into
GOTM asan alternative to Kondo.

The algorithm is basedon the Liu-Katsaros-Businger[76] method with the added
sophistication of a skin SST [35], (the true interface temperature), and a gustiness
velocity factor to accourt for sub-grid scalevariability.

The transfer coe cien ts are computed using an iterative cycle where scaling pa-
rameters and stability functions are estimated and then re-estimatedin a loop until
convergence. Figure 3.1 is a scatter plot of the computed drag coe cient, Cp, asa
function of wind speedfor a data set usedin this thesis. It hasa minimum of about
1:25 10 2 at 3ms ! then increasesrapidly for lower winds to about 2 10 3, and
then increasesmore gertly to over 2 10 2 for winds of up to 15ms . The other

transfer coe cien ts show a similar pattern.
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Figure 3.1: A satter plot of the drag coe cient, Cp versuswind speed.

3.59 Cool Skin E ect

As de ned in Chapter 1 the skin temperature, «in, represets the seatemperature
in the molecular boundary layer which is typically a few tenths of a degreecooler
than quskin (the temperature just belov the molecularboundary layer) [113. This is
a result of vertical heat ux through the air-seainterface. As the intact seasurface
inhibits turbulent motion, heat transport occursthrough molecularconduction which,
being small, leadsto large temperature gradierts [113]. Molecular conduction is the
basisof the Saundersmodel [119 which describesa cool-skin temperature change T

con ned to a region of thickness

T = : (3.28)

where Qy is the net heat ux and k is the thermal conductivity of seawater. From

dimensionalargumeris, Saundersassumedthat is given by

= (3.29)
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where is an empirical coe cient, is the kinematic viscosily of water, and u is the
friction velocity of the water. The di cult y comesin estimating . Saundersinitially
estimated a value between5 and 10. More recertly Fairall et al [35 dewloped a
with a dependenceon wind speedincluding a smooth transition from a shear-driven
to a free corvection regime as wind speedsasymptote to zero. The skin temperature
represets the true interfacial temperature at which heat exchangebetweenthe ocean
and atmosphereoccurs, and thus its inclusionin air-sea ux algorithms was an impor-
tant dewvelopmen [35]. This cool skin parameterisationis usedin the TOGA COARE

air-sea ux algorithm descriked above.
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Chapter 4

GOTM Exp erimen ts Without

Assimilation

4.1 Intro duction

In this chapter the mixed layer oceanmodel GOTM is dewloped for the purpose of
modelling the diurnal variability of SSTs. The ability of the model to capture the evo-
lution of the upper oceanwith particular emphasison the SSTis testedusingdata from
variousintensively obsened upper oceanmooring sites. At thesesitesthe obsened me-
teorologicaldata is required to forcethe model and the obsened seatemperaturesare
usedfor initialisation. Various comparisonsare made betweenthe modelled seatem-
perature output and the seatemperature obsenations to demonstratethe credibility of
the model. In order to maximisethe potential of the model to accurately capture the
diurnal variability of SST the sensitivity of the model with regardsto various set-up
options are examined. This includes choosing the best suited air-sea ux and ocean
radiant heating parameterisations.An accourt of the sensitivity of SST estimatesand
diurnal variability to a reduction in the frequencyof available forcing data as well as

changesin cloud cover are also presened.
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4.2 Mo oring Sites

Meteorologicaland seatemperature obsenations are obtained from the Woods Hole
Oceanographiclnstitute (WHOI) upper oceanmooring data archive; this is publicly
available at [5]. Work presernted hereusestime seriesfrom three of thesedeployments.
Details of the locations, duration, and frequencyof data for eat time seriesis given
in Table 4.1. The meteorologicalvariables consist of the wind speed componers u
and v, air temperature T,, relative humidity g, and air pressurep. Thesevariables
are neededn the air-sea ux parameterisations(seeSection3.5). The seatemperature
obsenations, °PS(z), at variousdepthsz (within the top 150m there are 29 obsenation
depthsat Arabian Sea,34 at COARE, and 12 at Subduction) are linearly interpolated
onto the model grid and are usedto initialise the model simulations. The obsened
temperature time seriesare further usedto assesshow well the model performs by

making model-obseration comparisons.

Sites Location Duration Frequency

Arabian Sea| 15 N 61 E | 17/10/94 { obs(z) every 15 min
17/10/95 | u, vV, Ta, Gn, and p every 7.5 min

COARE 1 S156 E | 01/11/92 { °bs(z) every 15 min
01/03/93 | u, v, T4, gn, and p every 7.5min

Subduction | 26 N 29 W | 24/06/91 { °bs(z) every 15 min
16/06/93 | u, vV, Ta, gn, and p every 15 min

Table 4.1: Locations, deploymentduration, and data frequencyat the three mooring

sites.

COARE

The Tropical Ocean Global Atmosphere Coupled Ocean Atmosphere Resppnse Ex-
perimert (TOGA COARE) was conceiwed in order to improve understanding of the
principal processesesponsiblefor coupling of the oceanand atmospherein the western

tropical Paci ¢ warm pool region. The COARE eld programincluded a wide variety
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of platforms and sensors.A surfacemooring wasdeployed during the COARE intensive
obsenation period for the determination of surface uxes and upper oceanstructure
near the certre of the warm pool [154]. This warm pool region hasbeenunder intense
scrutiny becauseof its importance in world climate [152]; over a decadeof work has
greatly increasedour understandingof this region [44]. One dimensionalmixed layer

models using this data have cortributed to se\eral of thesestudiese.g.[151], [2], and

[129.

Arabian Sea Site

A mooredarray wasdeployedin the Arabian Seain order to improve understandingof
air-seainteraction in the region, and in particular to investigate the oceanicresponse
to the strong, large-scaleatmosphericforcing asseiated with the summerand winter
monsmns. A full account of the Arabian Seadata set is given by Weller et al [155.
The Arabian Seahastwo monsmn periods, the Northeast Monsaon, characterizedby
moderate wind speeds, clear skies, and comparatively dry air from early November
to mid-February, and the Southwest Monsoon, characterizedby strong wind speeds,
cloudy skies,and moist air from early June to mid-Septenber. Air and seatemper-
atures shaw two periods of cooling coincidert with the monsmn seasons.Figure 4.1
shows the time seriesfor wind speed, air and seatemperature, and relative humidity,

wherethesecharacteristics can clearly be seen.

Subduction Exp eriment Region

Located in the sub-tropical Atlantic Ocean,this is a preferredregion for corvergence
of the wind-driven (Ekman) circulation which leadsto subduction, a processby which
mixed layer water is injected into the main thermocline. The data setis comparedwith
climatological and global model products by Moyer and Weller [90]. This deployment

had an array of v e moorings, in this thesisonly data from the certral buoy is used.
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Figure 4.1: Time seriesof observablesrom the Arabian Sea buoy. From the top: wind
speed, air (red) and sea surfaee (blue) temperatures, and relative humidity. All are one

hour averages,starting 17=10=94 and ending 17=10=95.
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4.3 Mo delling the Upp er Ocean

This chapter preserts modelling results at the three mooring sites. The ability of the
model to replicate the seatemperature records, given the obsened forcing, can be
assesse(h various ways. Comparisonsare made betweenthe obsened and modelled
seatemperatures at various or all depthsin the water column. Particular interest is
paid to the depth of the shallovestmeasuremen(0:45,0:17,and 1.0 metresat COARE,
Arabian Sea,and Subduction respectively) and the ability to model the near surface
variability. In this thesisthe magnitude of diurnal warming is de ned asthe maximum
SST (at the shallovest obsened depth, z9°5) minus the minimum SST over a 24 hour
window starting at 00:00GMT

Zgbs = r(')n%i( Zgbs 5n|2r)1 Z:(L)bs: (41)

A diurnal warming signal of zerois given if the SST at the start remainsthe maximum
over the day; this eliminatesthe misinterpretation of a cooling trend.

Quantifying the near surfacestrati cation can be another measureof the ability of
the model to reproduce the ne near surfacedetail. This is calculated by recording
the di erence betweenthe temperaturesat the shallovest obsenation point and at the
10m depth asfollows

strati cation = 2005 10m. (4.2)

Choosingan appropriate de nition for the mixed layer depth (MLD) to allow com-
parisonsbetweenin-situ obsenations and turbulent model output is not straight for-
ward [64]. A MLD canbediagnosedrom the temperature measuremets and compared
with model output. Herewe de ne the MLD asthe grid level depth at which the mod-
elled/obsened seatemperature is 0:1 C below the maximum modelled/obsened sea
temperature in the top 20m. This is the samecriterion usedby Weller et al [156], but
mary others could have beenadopted (seeTable 1 in [64] for various criteria usedby
othersand also Table 2 in [2] for MLD de nitions usedin the warm pool region).

Another usefulmeasureto validate the model is to comparethe temporal ewolution
of total column integrated heat cortent calculated from obsened and modelled tem-

peratures. This is obtained by integrating the Heat Equation (2.2) from the surface
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to the maximum modelled depth, z = 150m, and then integrating again over di erent
times, T, to give the ewlution
zZ.2, @ Z
Co 0 —dzdt = | + Qdt: (4.3)

0 150 @ 0

The two sidesof this equationwere evaluated from model results at the three mooring
sites over the whole time seriesgiving values of 3:2 10°Jm 2 at COARE, 2:1

10°Jm 2 at Arabian Sea,and 48 10°Jm 2 at the Subduction site. The balanceof
both sidesof Equation (4.3) demonstratesthat the model conseresheat erntering and
leaving through the surfaceboundary. Another comparisonis madeby comparingthe
left hand side of Equation (4.3) evaluated using obsened temperaturesand modelled
temperatures (see Section4.5). This is not expectedto be idertical asthe complete
Heat Equation (1.1) hasbeense\erely simpli ed to give Equation (2.2). The modelled
temperaturesdo not represen all processeshat are goingonin the real world and this

measurecan be usedto assesshe validity of the model assumptions.

4.4 Sensitivit y of Mo del to Parameterisations

The air-sea ux parameterisationsdiscussedn Sections3.5.7and 3.5.8and the ocean
radiant heating parameterisationsdiscussedn Section 3.3 are comparedat the moor-
ing sites. The sensitivity of the modelled SST and diurnal cycle to changesin the

parameterisationsare examined.

4.4.1 Kondo vs Fairall

Air-sea uxes were calculated at the three mooring sites using the two di erent al-
gorithms introducedin Sections3.5.7 and 3.5.8 and referredto as Kondo and Fairall
respectively. A comparisonof the results from applying the two algorithms in terms of
the resulting SSTsis given in Figure 4.2, and statistics presened in Table 4.2.

In Figure 4.2 (a) a divergencen the two modelled SSTsis only noticeablejust after
day 80. In cortrast in plot (c) the o set of the two modelled SSTsis noticeablealmost

immediately. At the Arabian Seasite, plot (b), major divergence®ccur aroundday 10
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Figure 4.2: A one year SST comparison betwesn observd (red) and madelled, using
Fairall (blue) and Kondo (green) air-sea ux algorithms. From top a) COARE, b)

Arabian Sea, and c) Sulduction site.
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RMS Errors
Site Flux Scheme| SST | Diurnal Warming | Strati cation
COARE Kondo 0.36 0.36 0.25
COARE Fairall 0.29 0.36 0.22
Arabian Sea Kondo 1.15 0.28 0.26
Arabian Sea Fairall 0.71 0.26 0.23
Subduction Kondo 0.48 0.17 0.14
Subduction Fairall 0.66 0.18 0.14

Table4.2: Statistics from comparisonsderived from observationsand model simulations

at the mooring sites using the Kondo and Fairall air-sea ux schemes.Valuesin C.

and day 230. It is interestingto comparethesetimes in Figure 4.1 wherein both cases
the wind speedsrise sharply. For the rst case,aroundday 10, thereis a sharp spike in
the wind speeds,mertioned in [156]as a squall. The secondcase,around day 230, is
the onsetof the Southwest Monsoon with typically strong winds. At all three sitesthe
Kondo algorithm produceslower SSTsthan the Fairall algorithm. This is assaiated
with the larger latent and sensibleheat releasecalculated by Kondo when compared
to Fairall, asseenin Table 4.3. The resultsin Table 4.2 shav an improvemer in the
resulting SST when using the Fairall algorithm, exceptat the Subduction experimert
site. The diurnal warming estimatesremain relatively unchanged, and the improve-
merts in the strati cation are slight. Similar improvemens in SST were also found
by Hallsworth [50]whencomparingmodelled SSTsforcedwith uxes from Kondo and
Fairall at the COARE and Arabian Seasites. It should be stated that the modelled
SSTsfeedba& to the calculatedlatent and sensibleheat uxes. This feedba& e ect is
eliminated by usingthe obsened SSTsin the air-sea ux algorithms; theseresults are
presened in bradkets in Tables4.3and 4.4.

No air-sea ux measuremets weretaken at the mooring sitesand soa comparison
betweenthe modelled and obsened uxes is not possible. Howewer, we can analyse

someof the di erences in the air-sea uxes calculated from the two algorithms and
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these are preserted in Tables4.3 and 4.4. The valuesin thesetables are calculated
from hourly output. The meanair-sea ux valuesover the whole obsenational time-
seriesat eat mooring site, asshown in Table 4.3, are di erent for the two algorithms.
The Fairall valuesare generallysmallerin ead case. The largestdi erence occursin
the sensibleheat ux, which on averageover the three mooring sitesis 39% smaller for
the Fairall estimatecomparedto Kondo. The root meansquaredi erencesbetweenthe
two sdhemesas showvn in Table 4.4 are alsorelatively large. Again this is particularly
true for the sensibleheat ux where the di erences between the Fairall and Kondo

schemecan be over 50% of the meanvalue.

Mean Values
Site Flux Scheme Qe (Wm ?) Qu Wm 2 |j j(Nm ?
COARE Kondo 10199 ( 10242)| 1044 ( 1049) | 0.05(0.05)
COARE Fairall 10438( 10294)| 7:87( 7:57) | 0.04(0.04)
Arabian Sea Kondo 12431 ( 14221) 7.32( 3:09) 0.1(0.1)
Arabian Sea Fairall 10732 ( 11106) 0.48( 0:44) 0.1(0.1)
Subduction Kondo 11965( 11639) 126 ( 9:44) | 0.08(0.08)
Subduction Fairall 1173 ( 10238) 1157 ( 6:09) | 0.07(0.07)

Table 4.3: Mean air-sea uxes (latent heat, Qg; sensibleheat, Qy; and wind stress,
j ]J) calculated using the Kondo and Fairall algorithms. Valuesin brackets use the

observe SST as oppseal to the madelled SST to calculate the air-sea uxes.

The results shown in this thesis usethe TOGA COARE algorithm deweloped by
Fairall et al which is widely appreciatedas being signi cantly more accurate[97]. The
evidencepresened here is limited asno ux obsenations are available for compari-
son. Howeer, results from comparing modelled SSTs, from the two ux methods, to
obsenations seemto favour the Fairall algorithm. Results preseinted in this section
alsoshow that the instantaneousdi erences betweenthe calculated uxes of the two

methods are signi cant.
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RMS Di erences
Site Qe (Wm %) | Qu (Wm ?) |j j(Nm ?)
COARE 35.39(35.47) | 4.00(4.07) | 0.01(0.01)
Arabian Sea| 31.25(40.34) | 9.39(3.09) | 0.01(0.01)
Subduction | 14.45(20.23) | 2.56(3.77) | 0.01(0.01)

Table 4.4: Root mean squae di er enas between the air-sea uxes of latent heat, sen-
sible heat, and wind stressas calculated from the Kondo and Fairall parameterisations.
Valuesin bracketsuse the observe SST as opposal to the maodelled SST to calculate

the air-sea uxes.

4.4.2 Radiant Heating Parameterisations

An introduction to oceanradiant heat parameterisationsis given in Section3.3. The
public domain version of GOTM usesthe 2-band parameterisation of Paulson and
Simpson[100]. This is wholly inadequatefor the purposesof modelling near surface
temperature variability and so Paulsonand Simpson'sextensionto a 9-streamparam-
eterisation [101]was implemerted into GOTM by S. Hallsworth [50]. This division of
solar radiation incident at the surfaceinto further discrete wavelength bands provides
much neededadditional resolution of the rapid attenuation of larger wavelengthsat the
near surface. Improvemeris in the near surfacetemperature pro les were found when
using the 9-band over the 2-band parameterisation. Results from using the 2-band
(with Jerlov water type 1, the most represetativ e of the open ocean[129]) and 9-band
sdhemeswere comparedby performing model simulations forcedwith SWR and LWR
obsenations at the three mooring sites. RMS error in SST over all model-obseration
di erences at every obsenation depth in the top 10 metres(0.45, 0.55,1.1, 1.58, 2.0,
2.5,6.94,7.44,and 9.77 metresat COARE; 0.17,0.43,0.92,1.37,1.41,1.8,1.91,2.4,
3.5, 4.5, 5.0, and 10.0 metres at the Arabian Sea;and 1.0 and 10.0 at the Subduc-
tion Site) werethen calculated. The RMS error improvemerts in favour of the 9-band
radiation sdhemeat the Arabian Seais 2:37 C to 2:49 C and at the Subduction site
0:93 C to 0:95 C. Howeer, the COARE site shoved the 2-band shemereducedthe
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errorsfrom 0:76 Cto 0:62 C. The resultsat the mooring sitespresetted in this thesis

usethe 9-band parameterisation.

4.5 Mo del Results and Discussion

In this sectiona more detailed analysisof the model resultsat the three mooring sitesis
presened. In theseexperimerts the modelis initialised with obsened seatemperatures
at the start of the time seriesand forcedwith air-sea uxes calculatedfrom the surface
meteorology(Table 4.1) using the Fairall air-sea ux algorithm, together with down-

welling SWR and LWR obsenations every 15 minutes.

45.1 COARE

Givenin Figure 4.3 are plots of SST, daily maximum MLD, and the total column heat
cortent. Comparisonsare made from modelled output and obsenations. Over the
120 days the RMS of ( g.45m 0:a5mebs ) 1S 0:29 C (recordedin Table 4.5). There is
a slight model warming bias of 0:07 C over the whole time series. A warming bias
is particularly noticeableduring days 30{60 and this coincideswith a shallover MLD
in the model comparedto obsenations. Howeer, the cooling bias in modelled SST
from day 80to the end alsoseemgo be coincident with a shallover MLD. The diurnal
variability of the SSTfrom obsenations and model canbe seenin Figure 4.3(a). These
diurnal warming cyclesare expectedto be largein this tropical regionwherethe mean
daily peak SWR over the time seriesis 828Wm 2. The mean diurnal warming from
the 0:45m obsened temperatures ( $%,.) is 0:57 C and the daily mean modelled
valueis largerat 0:71 C. The RMS of (  g.45m gbs ) is 0:36 C.

The MLD is consistely under predictedwith a RMS error of 14:.85m. In Figure 4.3
(b) it is seenthat the low frequencypattern and changesto MLD over the time period
are well represeted by the model. There are days (5, 25, 45, and 90) when the full
extert of the mixed layer deepeningis not matched by the model. This shallover MLD
starting ( day 5) islikely to be the causeof the warming biasseenin the modelledSST

over the rst 75 days. A shallover mixed layer warms/cools quicker when the ocean
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Figure 4.3: Model-observationcomparisons at COARE. From the top: (a) model sim-
ulation of o4s5m (blue) and observations(red), (b) the daily maximum MLD derived
from observd (red) and modelled (blue) temperatures, and (c) the temporal evolution
of total column integrated heat content derived from observe (red) and madelled (blue)

temperatures (the signalis Iter ed througha 24 hour mean).
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gains/losesheat and thus causegsemperaturesto rise/fall fasterwithin the mixed layer.

The ewlution of the total column integrated heat cortent is seenin Figure 4.3
(c). In these heat content plots what is important is not the distance between the
obsened and cortrol lines, but the di erence in the rate of changeof the heat cortent,
or the gradiert of the lines. Sud a di erence in gradiert is visible just after day 60
with a drop in the obsened heat cortent and its subsequeh increaseagain around
day 85. Thesedi erences highlight signalsin the obsened data not captured by the
model. Comparing thesedays (65{90) on the other plots in Figure 4.3t is noted that
at thesetimes the MLD and the variability of SST is modelled very well, illustrating
that the departure of modelled heat cortent from the obsened is likely causedby the

temperaturesbelon the mixed layer.

45.2 Arabian Sea Site

Figure 4.4 shavs the oceanicresponseto the strong, large-scaleatmosphericforcing
assaiated with the summerand winter monsamns,asmertioned in Section4.2, produc-
ing this unique double cooling trend. The occasionsof the largesterror in SST occur
during the monsmn periods. During the winter or NE Monsoon, days 14{121, the
modelled SST hasa cold bias, whereasfor the summeror SW Monsoon, days 226{333,
the modelled SST is initially much cooler but around day 275 becomessigni cantly
warmer, asit is unableto match the amourt of cooling that occurredin the obsened
temperatures.

It is noted that the period of very low wind speeds( days 130{230, as seenin
Figure 4.1) in the inter-monsmon warming phase produceslarge diurnal variability
in the SST. Over the year the mean diurnal warming ( $53%,,) was 0:48 C with a
modelled value of 0:62 C. The RMS 0'17m gbs  was 0:26 C, as shown in
Table4.5.

The period of cooler modelledthan obsened SSTscoincidedwith a shallover MLD
than that derived from obsened temperature pro les. Much of the warm SST biasalso
coincideswith adeeper MLD than that derived from obsenations, asseenin Figure 4.4

(b). Times of large changesto the obsened MLD are coincidert with large changes
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to the obsened heat cortent. It is clear that on theseoccasionsthe ewlution of the

modelled and obsened heat cortent are rather di erent. In Equation (4.3) it is shovn

that the modelled value is determinedby the total heat ux | + Q, this beingthe only

supply of heat to the system. Herel + Q is calculated from obsened down-welling

SWR and LWR valueswith parameterisedvaluesof latent and sensibleheat ux and

up-welling LWR (seeSections3.4 and 3.5). The use of parameterisationscould be a

sourceof potertial error in the modelledheat cortent. Howewer, on the occasionsvhen

the two linesin Figure 4.4 (c) signi cantly diverge(e.g. betweendays 0{10, 25{80, and

270{280) the errors are so large that uncertairties in Qg, Qy, and Q"B can be ruled

out asthe major cortributing factor to this divergenceof heat cortent. For example,
in the rst 10 days the heat content derived from temperature obsenations increases
by approximately 1:5 10°Jm 2 over the modelled heat cortent, this would represen

an increasein surfaceheat uxes of over 1700Wm 2 for this period, clearly impossible.
Howe\er, if advection is important, i.e. v r is large on these occasions,then our

modelling assumptionbreaksdown and we might expect thesekinds of di erences.

A paper by Fischer [39 using the samedata, in addition to remotely senseddata
of the region demonstratesthat the obsened temperature trend over the whole period
is roughly balancedwhenthe heat budget includesthe surfaceforcing, but also strong
episalic modulation from mesoscaleariability in the horizontal advection. The paper
concludeghat this mesoscalenodulation took two forms, onefor eady monsan period.
During the NE Monsoon (days 14{121) the heat budget wasin uenced by the passage
of a seriesof mesoscaleeddieswith large variations in thermocline depth, but little
surface signature. Then during the SW Monsoon (days 226{333) cool, coastal up-
welled water transported to the moored site by mesoscaleddieswas deemeda major
cortributor to the upper ocean heat budget. These features can clearly be seenin
Figure 4.5. The de ciencies in the model during the monsmn seasons,as seenin
Figures 4.4 and 4.5, can be explainedto a great extert by the nature and timing of
advection events descriked in [39], but missingfrom this model. Howewer during the
inter-monsan periods the Arabian Seaexperienceslittle or no advection, and model

behaviour is in good agreemet with the obsenations.
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Figure 4.5: One year temperature depth pro le comparing model temperatures (top)

with observe temperatures (bottom).
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4.5.3 Subduction Exp eriment Region

Figure 4.6 (a) shows that the modelled SST warms in relation to the obsenations at
around day 150 coincident with a decreasen obsened heat cortent (seeFigure 4.6
(c)). Over the wholetime seriesthe modelled 1 metre SST hasa warm bias of 0:58 C.
The RMSof ( 1m ) overthe time seriesis 0:66 C, seeTable4.5. The meandiurnal
warming signalsat this depth are0:26 C for the obsenationsand0:36 C for the model.
The annual deepening and shoalingof the mixed layer is again well represetted by the
model over this long simulation. In the heat cortent plot in Figure 4.6 (c) the obsened
and modelled valuesof the rst 100days are closelymatched. Howewer after this time
the heat cortent derived from the temperature obsenations signi cantly decreasesvith
respect to the model derived values,and from this point the model contains much more

heat than is obsened.

RMS Errors
Site SST( C) | Diurnal Warming ( C) | MLD (m) | Strati cation ( C)
COARE 0.29 0.36 14.85 0.22
Arabian Sea| 0.71 0.26 23.81 0.23
Subduction 0.66 0.18 26.19 0.14

Table4.5: Statistics from comparisonsderived from observationsand madel simulations

at the mooring sites.

4.6 Eects of Dieren t Cloud Forcing

In this sectionan investigation is made into the impact of cloud e ects on the upper
ocean. The SWR is the largest componen of the oceanheat budget and the amourt
of radiation received at the seasurfaceis signi cantly a ected by cloud cover which
acts as a barrier preverting the sun's radiation from reading the seasurface. Cloud
cover alsoin uences the down-welling componert of the LWR, ascloudsemit thermal

infrared radiation.
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Figure 4.6: Model-observationcomparison at Sulduction. From the top: model sim-
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temperatures (the signalis Iter ed througha 24 hour mean).
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At the Arabian Seasite the down-welling componens of SWR and LWR were
obsened and this data was usedto force the model and the outcomescomparedwith
output from the parameterizedclear sky SWR and LWR. The improvemerts adcieved

by the inclusion of the SWR and LWR obsenations are demonstratedin Figure 4.7.
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Figure 4.7: A oneyear SST comparison between observe (red) and madelled using clear
sky conditions (blue), SWR observations(yellow), and SWR and LWR observations

(green).

The inclusion of SWR and LWR obsenations within the model eliminates the
di cult y in quartifying the cloud cover. In Figure 4.7 it is clearly seenthat the use
of SWR obsenations in the model simulations leads to large improvemerts in the
estimated SST, particularly during the summermonsamn period (days 220{365)when
typically cloudy conditionsare known to occur [155. Table 4.6 shaws larger biasesand
root meansquareerrors for both the SST and the diurnal amplitudes when clear sky
conditions were assumed. The further inclusion of LWR obsenations actually seems
to deteriorate the solution slightly, although this must highlight the true errors from

other sources.As discussedn Section4.5.2it hasbeenshawn that the remainingerror
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is primarily causedby advection events at thesetimes.

Mean Error | RMS Error
SST | DW | SST| DW
SWR & LWR Obsenations | 0.13 0:14 | 0.71| 0.26
SWR Obsenations 0:12| 0:15]| 0.65| 0.28
Clear Sky Conditions 0:66 02 | 1.17] 0.31

Table 4.6: A table showingthe madelled SST and diurnal warming (DW) accuracy, in

C, at the Arabian Se forced with SWR and LWR down-weling observations,SWR
down-weling observationswith clear sky for LWR, and clear sky conditions for SWR
and LWR.

The sensitivity of the model to the cloud parameter can further be seenat the
COARE site whereSWR valuesare high, and large diurnal warming everts are evider,
asshawvn in Figure 4.8. The day to day variability in the SWR obsenations (ascanbe
seenin Figure 5.3), primarily dueto changesin cloud cover, are large and on occasions
over 150Wm 2, which can be half the daily mean SWR value on somedays. If the
model is forcedwith a constant cloud cover value,then day to day variability in SWR is
not presen and this cansigni cantly e ect the modelled diurnal cycle (seeTable 4.7).

As is mertioned in Section 3.2 the Reed formula (Equation (3.5)) and the clear
sky parameterisationhave beenfound to have biasesat speci ¢ sites. The recommen-
dation, as discussedn Section3.2, is to useradiametric obsenations to optimise the
parameterisationat speci c locations. Following the suggestionsof [120] and [55] the
transmissioncoe cien t and the cloud cover coe cient are adjusted basedon the SWR
obsenations taken at the mooring sites. To ensureover 90% of the SWR obsena-
tions fall betweenthe clear sky and full cloud limits of the Reedparameterisation,the
transmissioncoe cient was kept at 0.7 at the Subduction site, reducedto 0.63at the
COARE site, and increasedto 0.74 at the Arabian Sea. The cloud cover coe cient
remained0.62 at the Subduction and Arabian Seasites, but was increasedto 0.72 at
the COARE site.

Clear sky and full cloud conditionsare applied at the COARE site and the resulting
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SST valuesare shovn in Figure 4.8. It is important not only to notice the drift in
SST with zerocloud cover, but alsothe exaggerateddiurnal cycle comparedwith the
obsenedtrends and peaks. The converseis alsonoted: simulating full cloud conditions
leadsto an underestimation of SST and its diurnal amplitudes. The mean diurnal
warming from obsenations, clear sky, and full cloud are as follows: 0:48 C, 0:85 C,
and 0:33 C. This shows how uncertainty in cloud cover could substartially e ect the

modelled diurnal cycle. Error statistics are presened in Table 4.7.
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Figure 4.8: A comparison between model runs with the cloud parameter set at the
extremesof no cloud (blue) and full cloud (black) against the observd (red) for the

TOGA COARE region.

To correct the warming drift in SST when the parameterisedclear sky SWR is
usedthe ratio of the mean SWR obsenations to the mean clear sky SWR over the
whole period was calculated. A model simulation was then performed in which the
parameterisedclear sky SWR values were multiplied by this ratio, calculatedto be
0:70at COARE. Hencethe meanSWR over the 120days would be the samefor model

and obsenation (196:32Wm 2), this ratio could be thought of asan averagecloud cover
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correction (with an e ective meancloud cover value of 0:30, following [41]) to the clear
sky SWR over the whole period. Results from this experimert, shavn in Table 4.7,
reveal that the SST no longer has a drift and the SST bias is of the samemagnitude
aswhen usingthe SWR obsenations. The RMS errors have also signi cantly reduced
from the clear sky and full cloud SWR casesbecomingsimilar to the SWR obsenation
case,as would be expected. This mean correction to the clear sky SWR was also
calculatedat the Arabian Seaand Subduction siteswith valuesof 0.82and 0.79giving

e ective mean cloud cover valuesat theselocations of 0.18 and 0.21 respectively.

Mean Error RMS Error
SST DW | SST| DW

SWR & LWR Obsenations 0:.07| 0:14|0.29| 0.36
SWR Obsenations 0:04| 0:11|0.31| 0.35
Clear Sky 1:32| 0:31]1.39| 0.47
Full Cloud SWR 0.29 | 0.13 | 0.39| 0.37

Modelled SWR Without 120Day Bias| 0:04 | 0:01 | 0.25| 0.34

Table 4.7: A table showingthe extentto which SST and its diurnal cycle match obser-
vations when using various SWR options. Resultsare at the COARE sites and values

arein C.

4.7 Eects of Lowering Forcing Resolution

It is unusual to have complete very accurate high frequencyforcing data over ocean
areasand as sud the data from the three mooring sitesusedin this chapter are very
rare. In this next sectionthe surfacemeteorologicalobsenations aswell asthe down-
welling SWR and LWR from the buoys are averagedover 6 hourly periods. The model
was then re-run using the 6 hourly mean meteorologicalvaluesin the air-sea ux cal-
culations. The 6 hourly meanobsened SWR valuesare useda priori to derive 6 hourly

meancloud valuesby calculating the clear sky values(using the correctedatmospheric
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transmissionat the individual sites) and inverting the Reedformula (Equation (3.5))

|
n= 1 2400019 =G, (4.4)

#
Where over-bar denotesa 6 hourly meanvalue. This technique allows the SWR to be
calculatedat a much ner time resolution (at eat model time step) with a 6 hourly
xed cloud correction performed using the Reedformula. The diurnal cycle of SSTis
a fundamenal responseto the solar forcing over the day, this technique is thereforean
essefial feature.

Unfortunately a similar techniqueis not possiblefor the wind forcing. It is adknowl-
edgedthat there will be occasionswhen a complete represetation of the phaseand
shape of the diurnal cyclewill not be possiblebecauseof the sensitivity of the system
to ne scalewind variability.

The resultsare preserted in Table4.8and shouldbe comparedwith resultsfrom the
high frequencyforcing simulations in Table4.5. In all caseghe root meansquareerrors
increasewhen using the 6 hourly forcing, with the exceptionsof SST at the COARE
site and the MLD at the Subduction experimert site. The deterioration of accuracy
howe\er is slight, for examplethe RMS error of the diurnal warming measureincreases
by 8.9% on averageover the three sites. This giveshope that the diurnal cycle can be
e ectively modelledwith 6 hourly forcing data. The standard output from operational
weather forecastingcertres is 6 hourly, therefore modelling the diurnal cycle of SSTs

over the global oceancould be a possibility. This proposition is addressedn Chapter 6.

RMS Errors
Site SST( C) | Diurnal Warming ( C) | MLD (m) | Strati cation ( C)
COARE 0.25 0.38 17.73 0.24
Arabian Sea| 0.83 0.3 24.51 0.29
Subduction 0.94 0.19 25.97 0.17

Table4.8: Statistics from comparisonsderived from observationsand model simulations

forced with 6 hourly data at the mooring sites.
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4.8 Summary

Seeral improvemerts to the public domain versionof the GOTM have beenpreserted
in this chapter. It has been demonstratedthat the replacemen of the Kondo air-
sea ux algorithm with the state-of-the-art TOGA COARE algorithm improves the
turbulent forcing at the boundary. The 9-bandoceanradiant heating parameterisation
has alsoreplacedthe previous 2-band parameterisation. Theseadaptationsto GOTM

have improved the models capability in capturing diurnal variability. The model was
then usedin a detailed study of the upper oceanand its diurnal variability at three
ocean mooring sites. The results shov that the model performs well, although it

is highlighted how advection can causemodel drift, this was particularly the caseon
occasionsat the Arabian Seasite. In this chapter sensitivity of the modelsperformance
to changesin the forcing were also tested and explored. Work is preserted on the
e ects on the modelled SST of uncertainty in cloud values. Both the mean SST and
the diurnal warming were shavn to be highly sensitive to the SWR and in particular to

the variation in the SWR due to cloud cover. In another experimert the forcing data
at the mooring sites was reducedto 6 hourly meanvaluesand the model forced with

the reducedtime resolution data. A technique to calculate the SWR at a ner scale
is presemtied. Under theseconditions the deterioration in modelling ability is shown to

be slight, which suggestdiurnal modelling of SSTsneednot be limited to a few upper

oceanmooring sites.
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Chapter 5

The Assimilation of SST Data

5.1 Intro duction

Data assimilation is the processof merging together in an optimal sensemeasured
obsenations with a dynamical systemmodel to gain maximum likelihood estimatesof
the required state. Data assimilation hasits theoretical foundationsin optimal cortrol

theory, a branch of mathematics rst deweloped by Pontryagin [103]. It is extensively
usedin meteorologyto nd the initial conditions of the state variablesfor operational
weather forecasting [60], but its appeal has spread acrossthe Earth Scienceg139.

What followsin the next sectionis a short description of a generalformulation of data

assimilation for a nonlinear dynamical system.

5.2 General Form ulation
A systemis modelled by the discretenonlinear equations
X1 = Fie(Xi; Uk); k=0:::;N 1 (5.1)

wherex, 2 R" denotesthe model statesand u, 2 R™« denotesthe my inputs to the
systemat time ty, and fy : R R™< I R" is a nonlinear function describing the

ewlution of the statesfrom time ty to time ty.; . Obsenations of this systemare taken

60



and thesemay be expresseds
Yk = he(X) + «; k=0;:::;N 1 (5.2)

wherey, 2 RP« denotesthe vector of p, obsenations at the time t, andh, : R" ! RPxis
calledthe obsenation operator and is a nonlinear function that givesa transformation
from model spaceto obsenation space,which may include grid interpolation. Here
the obsenations are assumedo be unbiasedand uncorrelatedand 2 RP« represelis
Gaussianrandom obsenational errors with covariance matrices Ry, 2 RP« P« A prior
estimate of the initial state xo, usually obtained from a previousmodel run, is denoted
x5 where superscript b stands for badkground. Again we assumerandom Gaussian
error (Xo  Xx§) with covariancematrix B, 2 R" ". Under the formalism of variational
calculusthe data assimilation problem can be expresseds follows.

Minimise, with respect to Xq, the cost function
X1

B +§
0
k=0

Khi (%) Yik3, ; (5.3)

subjet to xi, k= 1;:::; N 1, satisfyingthe systemequations(5.1) with initial states
Xo-

(Notation: k ki = h; i, is a 2-norm squaredweiglted by a covariancematrix A, with

the weighted inner product de ned asha;hi, = a"A 'b)

This represets the maximum likelihood and as sud the data assimilation equations
may also be derived from a statistical viewpoint using Bayesiantheory asin Rodgers
[114. Here the initial states are the required cortrol variablesin the optimisation.

Howewer, it is also possibleto set-up the problemto cortrol boundary conditions; for
exampleseelLe Dimet and Ouberdous[30]; model parameters,as discussedoy Navon
[92]; or a conbination of the above as demonstratedby Lu and Hsieh [77]. Note that

in the above we assumea perfect model and the systemequationsare treated as strong
constraints. For a weak constrairt setup see Sasaki[118]; or for the treatment of
systematicerrors seeDee and DaSilva [27], for bias correctionin a 4D-Var systemsee
Grith and Nichols [48], and for bias correctionappliedto an operational oceanmodel

seeBell et al [8].
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The above problem can be solved directly giving a sequetial data assimilation
stheme,or indirectly to give a four-dimensionalvariational (4D-Var) assimilationscheme.

Usingthe direct approad the solution canbe expressedis(seeKalnay [60]for a deriva-

tion)
b — a. .
Xiar = Fr(Xgs Uk); (5.4)
X;l;1+1 = XE+1 + Ky hk XE+1 Yk+1 (5.5)
where
Kic= BiH HBeH! + Ry (5.6)
is called the gain matrix and H, = @« _ with k = 0;:::;N 1. Equation (5.4)

@ xp
represets a prediction for the badkground states producedfrom the model equations,

and Equation (5.5) represets analysedstatesbasedon a correctionto the badkground
from model-obseration di erences. The obsenation operator, Hy, and the obsena-
tion covariancematrix, Ry, areupdated whenrequired. The di erent, variously named,
data assimilation schemesarise around how to best model the badkground covariance
matrix, Bx. For examplethe Optimal Interpolation (Ol) schemehasa static homoge-
neousbadkground covariancematrix, By B, whereasthe more sophisticatedKalman
Filter [59] seeksto ewlve the covariance structure in time; this of courseleads to
computational di culties for large problems.

For 4D-Var, the problem (5.3), is rst reducedto an unconstrainedproblem using
the method of Lagrange[144. Necessaryconditions for the solution to the uncon-
strained problem then require that a setof adjoint equationstogether with the system

equations(5.1) must be satis ed. The adjoint equationsare given by
N =0 (5.7)

k= Fox) kn HER (%) Yi) s k=N 1::::0; (5.8)

are the Jacobiansof f and hy with respect to xx. The gradiert of the cost function

(5.3) with respect to the initial data Xq is then given by
rwd Bgol Xo X5 o (5.9)
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This is solved iteratively and ead step of the gradiert iteration processrequiresone
forward integration of the model equations(5.1) and one badkward integration of the

adjoint equations(5.8).

5.3 Assimilation of SST

In-situ SST data from buoy and ship measuremets are few and far between and
availability of data is a coreissuefor oceandata assimilation. However, it has been
said by Craig Donlon, headof GHRSST-PPR, that we are now in the goldeneraof SST
measuremets aswe have accesdo a wealth of satellite data providing global coverage
at very high spatial resolution. So far relatively little attention hasbeenpaid to the
assimilation of SST, as opposed, for example, to altimetry data where assimilation
routines are well understood e.g.[22] and [123. A patrticular di cult y arisesfrom how
to extract information cortent about the sub-surfacefrom surface seatemperature
obsenations. To date no one has satisfactorily been able to correct the sub-surface
ocean state from SST data. SST is a prognostic variable in ocean models and the
generalprocedurehasbeento directly assimilate SST obsenations into models. What

follows is an overview of the subject to date.

5.3.1 Ocean Circulation Mo dels

Derber and Rosati [29] assimilated corvertionally measuredin-situ SST obsenations
into a global oceanmodel with 1 horizontal resolution and 15 layersin the vertical.
The SSTdata wereassimilatedover a 30 day window and simplehorizortal correlations
wereusedto smaooth the data eld. No vertical correlationswereused,however vertical
pro les were also assimilatedwhere available.

Clancy et al in [20] and [19] conbined synoptic ship, bathythermograph, buoy, and
satellite data with the prediction of a mixed-layer model, usingan optimal interpolation
(Ol) shemeto producelarge scalesynoptic thermal analyses.

An unusualexamplewhereonly SST data are assimilatedis that of Ezerand Mellor

[34]. Correlation factors between variations in the surfacedata and variations in the
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sub-surfacetemperature were usedto project the surfaceinformation into the deep
ocean,using data and model error estimatesand an optimal interpolation approad to
blend model and obsened elds.

The UKMO 1 global FOAM hasatop grid point temperature represeting a mean
value over the top 10 metres of ocean. The SST obsenations used for assimilation
comefrom xed surfacebuoys (TAU / TRITON), a coarseAVHRR gridded data set,
drifting buoys, observingships, and anything elsethat comesin over the GTS (Global
Telecomnunication System, a meteorologicalagency obsenations network). An Ol

assimilation systemis usedwith horizorntal and vertical correlation length scaleg[7].

5.3.2 ENSO Forecast Mo dels

SST assimilation has beenwidely usedfor coupled ENSO forecastmodels (e.g. [18],
[117, [141], and [142]). In theseinitialisation problemsonly horizortal correlations
are assumed.Chen et al [18] and Rosati et al [117] nudge the modelled SST towards
an obsened SST eld, often simultaneously with nudging towards the obsened wind
elds. Syu and Neelin [14]] daily inserted Reynolds' SST anomaly information into
the top three upper ocean layers and Tang and Hsieh [142] used a 3D Variational
approad (although actually 2D becausethere are no vertical correlations). It was
often found in thesestudiesthat the SST assimilation led to imbalancesbetweenthe
thermal and dynamical elds. This is becauseat doesnot correct the thermocline, the
sub-surfacethermodynamic structure which is governed primarily by the wind stress.
Also large systematic di erences in the spatial distribution of variance between the
model SST eld and the obsered SST eld have beennoted. With the assimilation
of obsened SST, the structure of the model SST is quickly forced to resenble its
obsenational courterpart. Howewer, the model adjustmert is relatively slow, esgecially
for adjustmert of the thermocline, which mainly determinesthe variability of SST
anomaliesin the equatorial certral and easternPaci c.

To alleviate the above problemsTang et al [143 and [144 proposeda new system
which involved assimilating two proxy datasets, SST and sub-surfacethermal data,

into the oceanmodel. The proxy SST is given a similar variance distribution to the
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model SST, but retains the obsenational information in the temporal variability. This
is sothat obsenational forcing wasnot madetoo strong in the regionswherethe model
SSThasa signi cantly di erent variancestructure. In this 3D-Var assimilationsdeme
a linear relationship betweenany two neighbouring depths was derived using singular
value decompsition and then applied to estimate the temperatures at deeper levels

using the temperature analysesof shallowver levels.

5.3.3 Shelf Sea Mo dels

The transfer of information vertically through the water column was viewed as having
greater importance than horizortal smaothing in a shelf seaassimilation sheme by
Annan and Hargreaves[4]. They useda statistical interpolation schemeto assimilate
AVHRR data as innovation incremeris into the mixed layer. The satellite data are
comparedwith local in-situ obsenations to derive local error statistics, any biasin the
satellite obsenations is then removed beforethe data are assimilatedand the variance
is usedin the assimilation sheme. Theseerror statistics include averaging over the
mismatd betweenskin and bulk temperatures. This di erence can vary widely from
night-time to daytime and sothe authors sensiblyproducedi erent error statistics for
day and night to compensatefor this. Howewer sud generalisedstatistics will ignore
the di erences that dewelop betweenvarious wind and insolation regimes. Annan and
Hargreares make the following assumptionswhen implemerting their stheme. Firstly,
that horizontal correlations are small enoughto be ignored. Secondly the turbulent
kinetic energyis closeto a quasi-equilibriumlevel and sotemperature can be adjusted
independertly of the turbulent kinetic energy Thirdly, that the water column is well
mixed above and below the thermocline. The shelf seamodel they usedhad a vertical
resolution of order 5 metres.

This one-dimensionabkdhemehasbeenthoroughly testedin the Proudman Oceano-
graphic Laboratory CoastalOceanModelling System(POLCOMS) and the resultsare
discussedby Andreu-Burillo et al in [3]. They concludedthat for the Irish Seaand at
scalesresolhed by the model, the assimilation improves the modelled SST. Howe\er,

they alsoaddedthat for a shelfseaconext, usingonly IR SST obsenations, the prob-
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lem could not be adequatelyapproadedin a one-dimensionaframework. They noted
that only errorsin the air-seaheat ux are accoured for and that other sourcesof er-
rors sud asmodelledhorizontal advection and diapycnal mixing arenot corrected. The
resultswereshown to be particularly poor in shallov areaswherethe three-dimensional
thermal distribution is strongly a ected by tidal excursionsand river in o w. Without

any horizontal correlations, patchesof obsenational data voids, due to cloud cover led
to unrealistic gradierts being generatedafter the assimilation, resulting in the creation

of spuriouscurrerts on occasions.

5.3.4 Restoring Boundary Conditions

Traditionally oceangeneralcirculation modelsare forcedby restoring boundary condi-
tions, whereinthe top model temperature is restoredto a target surfacetemperature
to calculate the heat ux at the surface. This technique was originally proposedby
Haney [51], but is often referredto as Barnier relaxation [6]. The surfaceheat ux,

Q, over the oceanis approximated by the relaxation of the oceansurfacetemperature,
surface, 10 @ target temperature, ..o, USually obsenations or climatology, with the
equation

Q= ( surface surface); (5.10)

where is the feedba& coe cient. The errors asseiated with this relaxation towards
surfaceobsenations are discussedoy Killw orth et al in [69] and an improvemer sug-
gestedby Kamenkovich and Saradik [61]. In the literature this is newver described as
data assimilation, although clearly Equation (5.10) could be seenas making a correc-
tion to a badkground heat ux (here zero) basedon model obsenation di erences of
SST, and as sud could be viewed as a crude data assimilation algorithm.

Indeed a recernly published data assimilation method by Manda et al [78] usesa

similar surfacerestoring condition

Q=Q + ( 2:5m) - (5.11)

The prescribed heat ux, Q , is correctedby an obsened SST, . Here denotes

seavater density, ¢, speci ¢ heat of seavater, z; the thicknessof the rst model layer
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(5 metres), »sm the temperature in the rst layer of the model, and the restoring
time scale. This nudging method is validated as a feasible method with an ocean
circulation model that incorporatesa strongly nonlinear mixed layer model. Although
this nudging method is statistically sub-optimal it was found by Manda et al [78] to
have comparableskill to the statistically optimal method of the Ensenble Kalman
Filter (EnKF). This is becausethey work in a similar way; the EnKF corrects the
surfacelayer temperature and allows the subsurfacelayersto be adjusted accordingto
the ewlving model, whereasthe nudging method correctsthe temperature in the rst

layer as well as the surfaceheat ux, and again the subsurfacetemperatures adjust
accordingto the ewlving model. This isanimportant nding asthe computational cost

of the nudging method is a fraction of that requiredto implemert an EnKF method.

5.3.5 Operational SST Pro ducts
Reynolds

The Reynolds SST analysis products [117, [111] are very popular and widely used
(e.g.the ECMWEF oceanmodel relaxestowards the ReynoldsSST). The analysisuses
7 days of in-situ (ship and buoy) and satellite SST. The analysesare producedweekly
and daily using optimum interpolation (Ol) ona 1 grid. The data errors from ships
are almost twice as large as the data errors from buoys or satellites and these error
statistics are included as part of the Ol scheme. The bias in satellite obsenations
(when comparedwith in situ data), causedfrom stratospheric aerosolsfrom volcanic
eruptions [110, are removed beforethe assimilation by using a Poissontechnique to

provide a smaoth correction eld. Bias correction of all input data to the analysis
procedureis critical to obtaining a valid output [111]. The daytime satellite data have
beenassignedhigher error valuesthan the night-time data. The diurnal cycle is not

resolhed in the Ol analysis,and any diurnal signalwill appear asnoiseto the analysis.
Additional errorsin the satellite data can occur whenthe assumedcorrelation between
skin and bulk temperaturesbeginsto break down. In this case,the satellite retrieval

algorithm also breaksdown.
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HadISST

The UKMO Hadley Certre for Climate Prediction and Researb (Hadley Certre) Sea
Ice and SeaSurfaceTemperature data set, HadISST1,conbinesmonthly globally com-
plete elds of SST and seaice concettration ona 1l latitude-longitude grid. The SST
elds are created using a combination of in-situ and satellite measuremets. The

in-situ data are averagedand interpolated into a globally complete eld, using re-
duced spaceoptimal interpolation (RSOI) [63. This eld is then usedto correct
satellite derived SST data, for the purposeof removing biases,beforeits inclusion in

HadISST1. Thesebiasesinclude the residual di erences betweenskin and bulk SSTs
and cortamination by undetectedaerosoland clouds. The satellite and in-situ elds

are then averagedtogether and reconstructedasa 2 spatial resolution anomaly eld.

To make HadISST1 globally completethe gapsin the combined in-situ/satellite SST
data are lled by RSOI. The satellite data comefrom two di erent sources, AVHRR

and AATSR; O'Carroll et al [94] preserts an overview of the in uence thesehave on
the HadISST global analyses.The AVHRR brightnesstemperature measuremets have
beentuned by a regressioronto a set of drifting buoys and are thus consideredequiva-
lent to a onemetre bulk temperature, whereasthe AATSR are consideredto measure
a skin temperature. In the caseof AATSR data a 1-D mixed layer oceanmodel forced
with 6 hourly NWP uxes is usedto derive skin to bulk (one metre) temperature
di erences at the obsenation time, if this di erence is greater than 0:2 C then the

obsenation is agged. Details of this processingsthemeare provided in [52].

OSTIA

The OceanSeaTemperature and Ice Analysis (OSTIA) is a daily operational analysis
product being deweloped at the National Certre for OceanForecasting(NCOF) [131].
It hasa 1=20 resolution and usesGHRSST-PP data (SEVIRI, TMI, NAR, AVHRR,
ATSR, and AMSRE) almost exclusiwely. Currently this product is produced without
an oceanmodel and is purely persistencebased. It fusesall obsenations over a 24-hour
period valid from midnight GMT to midnight GMT ead day. Daytime obsenations

recordedwith local wind speedlessthan 6ms ! are agged, as they are considered
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likely to be "corrupted’ by a diurnal signal. This is clearly not the ideal situation
whenwind speedsunder 6ms * accourt for over 40%of the total occurrenceof hourly

averagedwind speedsover the ocean(seeFigure 2.1in [79).

5.4 SST Assimilation Experiments in the GOTM

5.4.1 Intro duction

The graphsof Figures4.3,4.4,and 4.6 show that the modelled SST on occasionddrifts
away from the obsened SSTsand over or under estimates. The availability of SST
obsenations would allow theseerrorsto be constrainedand correctedfor. In this next
sectionwe uselocal midnight SST obsenations in assimilation routines. These data
assimilation shhemeswere deweloped to usethis additional piece of information (the
daily SST obsenation) to improve the state of the system. We seekto achieve this by
adjusting the temperature pro le in a physically consisteh and smooth manner. The
aim is to utilise information cortent in the obsenations to highlight shortcomingsin
model processesand provide insight into how thesemay be improved, in the hope of
reducing future model bias.

With the introduction of obsenationsthe rst questionto askis whetherthe model
can bring additional skill to the SST estimation, compared with the obsenations.
The null hypothesis, assuming persistencefrom the daily obsenations without any
physical model (using yesterdag/s SST obsenation to predict tomorrows SST), should
provide a lower bound for the estimation skill. Table5.1comparesesultsfrom a model
simulation with that of persistenceonly. Thesecortrol simulations are initialised with
obsenations at the start only and forced with obsened down-welling SWR and LWR
obsenations and air-sea uxes calculated from the surfacemeteorology

It can be seenthat in all casespersistencefrom the daily obsenations give better
SST estimation than the model by itself can provide. Howewer the persistenceassump-
tion leadsto zerodiurnal warming estimates,soin this respect the model by itself is
shown to provide better estimatesof diurnal warming in all cases.In data assimilation

the aim is to merge obsenations with the dynamical model to produce an accurate
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RMS Error
SST | Diurnal Warming

COARE
Modelled 0.29 0.36
Persistence 0.27 0.58

Arabian Sea

Modelled 0.71 0.26
Persistence 0.29 0.56
Subduction

Modelled 0.66 0.18
Persistence 0.14 0.28

Table5.1: RMS errors of SST and diurnal warming estimates,in C, comparing model

simulations with estimatesbasal on persisten@ of a midnight SST observation.

analysis. In this chapter the aim is to use the obsenations to prevert model drift,
but presene the dynamic ewlution of SSTsover the day as predicted by the model
equations. The credibility of theseattempts will be assessedby the reduction in the

root meansquareerrors givenin Table 5.1.

5.4.2 Direct Insertion

A univariate data assimilation shemeis now descriked wherely the SST obsenation
from the mooring site is directly insertedinto the model. An incremen betweenthe
SSTobsenation and the model temperature at the obsened depth (0.45mfor COARE,
0.17mfor Arabian Sea,and 1.0m for Subduction) is found eat day at the time of the
obsenation (midnight). This incremen is then usedto adjust all model temperatures
within the mixed layer. This can be written mathematically in the formalism of data

assimilation as follows

ket = Fi( ks Uk); k=0::5;N L (5.12)
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With 2 R denoting the seatemperatures at 150 model lewels, u, 2 R" are the
inputs to the system(e.qg. surfaceforcing) at time t,, and f, : R R"! R s the
discrete nonlinear function describingthe ewlution of the model temperatures from
time ty to time ty.;. We have a single obsenation of the SST at time tx which is

related to the state , by equation
Ye=he(k); k=05 N L (5.13)

where h, : R™ I R is a function that maps the state spaceonto the obsenation
space;in this casea linear grid interpolation from the nearestmodel grid depthsto the

obsenation depth. We then de ne our state estimator asfollows

8= P Kkt (et hien ( Bn))s (5.14)

fork = 0;:::;N 1. The columnvector K ,; 2 R'*®® hascolumn ertries K (i) de ned

< i) = < 1 for zwop < zZi Z150 5.15)
-0 for z¢ Z zwp

where Z' represets the model depth at grid level, i, with 150 being the top layer,
nearestthe surface,and zy, p represets the MLD derived from modelledtemperatures

asde ned in Section4.3. The SST incremert is determinedby yi+1 s ( £4yp)-
This direct insertion method is basedon physical assumptionsthat the tempera-
tures within the oceanicmixed layer, de ned by the depth of the mixed layer at local
midnight, are well mixed, sothat any temperature signal at the near surfacewill be
mergedinto the near homogeneousayer through mixing. The SST incremen will rep-
resen the temperature error throughout the mixed layer. It is assumedhat the MLD
is correctly known and that the temperature error was causedby incorrect heat uxes
into this mixed layer, whether by advection or surfaceboundary uxes. The TKE is
consideredcloseto a quasi-equilibrium level and so the adjustmert to temperatures
happens almost instantly and the TKE is assumedto remain unchangedthroughout
the assimilation. It is expected that after assimilation the improvemert in surface

temperatureswill leadto more accurate uxes and thus reducefuture drift.
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The succes®f the assimilation method can be viewed in Figure 5.1 where a drift,
asshown previouslyin Figures4.3,4.4,and 4.6, is no longerseenat any of the mooring
sites. The model simulations usea xed cloud value of one half, to introduce greater
error in the model and make the assimilation routine work harder. It was found that
the SST RMS error was reducedby 0:48 C, 0:88 C and 0:36 C for the sites COARE,
Arabian Sea, and Subduction respectively. For all casesthe errors are signi cantly
reducedbelow thosevaluesgiven in Table 5.1. Howewer the error assaiated with the
SST diurnal warming remain virtually unchangedin all cases. This is becauseonly
the initial condition is changed,the starting point of the days warming hasimproved,
but the forcing over the day remainsvirtually unchanged(slight changesin latent and
sensibleheat ux and LWR occur becauseof the adjusted SSTs). The key factors that
a ect the shape and strength of the diurnal warming are the solar radiation, e ected
by changesin cloud cover and the wind stress, both of which remain xed in this
assimilation method.

The feedba& betweenthe atmosphereand oceanis represeted by using the mod-
elledinterfacial (skin) temperature in calculatingthe LWR and latent and sensibleheat
ux. The improvemert in these uxes with the new temperaturesat the Arabian Sea
site is seenin Figure 5.2 and is particularly strong after day 260. A comparisonwith
Figure 4.4 at this time shows the SST of the cortrol to be signi cantly warmer than
the obsenations. This warming bias causesthe SST of the model to rise above air
temperatures (not shavn), thus changing the magnitude and direction of the sensible
heat ux. The cooling of the SSTin the assimilationrun reducesthe magnitude of the
calculated long-wave radiation and latent heat ux which producesthe divergenceat

day 260in Figure 5.2.

5.4.3 Cloud Correction

At the mooring sites no obsenations of cloud cover were recorded and unlessthe
obsened SWR and LWR values are used to force the model this can be a major
sourceof uncertainty in the modelled SST on both diurnal and longer timescales,as

demonstratedin Section4.6. In using the direct insertion method improvemerts in
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Figure 5.1: Time series comparisons of the SST observationswith the modelled SST
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run, and observations(using the air-sea ux algorithm with all observe temperatures

and observe downwad LWR).

the SST have been realised over the whole time period; howewer, estimates of the
diurnal warming have remainedunchanged. It wasshown in Section4.6that the cloud
forcing over the day was critical in the dewelopmen of the diurnal cycle. If this can
be improved during the assimilationthen diurnal warming estimateswill alsoimprove.
As was explainedin Section 1.5 diurnal warming is highly sensitive to wind speeds;
howeer, due to the high quality anemometerobsenations (typical instantaneouserror
of 5%, seeTable A2 in [154) this was not considereda major causeof the errors.
In this next assimilation routine it was intended that the SST obsenations could be
used,not only to correctfor past errorsin uxes, aswith the direct insertion method,
but actually to accoun for the ux errorsand reducethe likelihood of the sameerror
occurring again.

In this cloud correction data assimilation algorithm it is assumedhat all ux error
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is causedby uncertainty in the daily cloud cover value. Whenthe SST obsenations are
assimilated using the direct insertion method heat is supplied to, or extracted from,

the system. This can be quarti ed asfollows
Z 24Z 150 @a @b

—— dzdt: 5.16
0 ZMLp @ @ ( )

A further determination can be made as to whether theseerrors in the heat budget

H:Cpo

accunulated over the day could have beenrectied by an improved heat ux into
the oceanfor that day. The assaiated cloud value change neededto provide this
recti cation in heat ux is calculatedasfollows

H

s 0:62(1 f (zwp)) P\024I#(1 )dt; (5-17)

basedon the Reedformula (seeSection3.2). This derivation assumeshat the cloud has
in uence only on the SWR, i.e. neglectsthe much smaller cloud forcing componert in
the LWR. It alsoassumeshat the surfaceheat ux without solarradiation, Q, doesnot
escag belowv the MLD, zy,p , becauseof the mixing at the baseof the layer. Howewer,
a small fraction, f (zu.p ), of the net surfacesolar radiation, |, doespenetrate below
the mixed layer and this is takeninto accourt in Equation (5.17). From Equation (5.17)

an optimal cloud value over the day can be calculated
nd = nl+ S; k=0;::::N 1L (5.18)

and a ched is madeto ensurethe physical limits 0 n? 1 hold. This estimated

cloud value then becomeghe best estimate for the next day
n,,=nd  k=0;::;N 1 (5.19)

This is essetially a sequetial data assimilationsdemeto estimate model parameters,
whereS is a function of the SST incremerts.

Figure 5.3 gives an indication asto how well we are able to estimate cloud cover
valuesfrom the SST obsenations. The graph revealsday to day variations in the SWR
obtained using the assimilation, whereasin the cortrol there is none. The variations
in cloud amourts introduced by the assimilation routine shov somedegreeof correla-

tion with those of the obsened values. The assimilation, howewer, is limited by the
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constrairts of the SWR parameterisation,asit hasa tendencyto producecloud values

that oscillate betweenfull cloud and no cloud.

0l AT
ALY i

Figure 5.3: A comparison of the daily mean total SWR at the COARE site using the
observed downwad radiation (red), the Reed formula with constant cloud value of one

half (blue), and the cloud adjustment assimilation scheme(black).

Using this cloud correction method to determine cloud valuesis not necessarily
always physically realistic as the cloud amourt is also compensatingfor other causes
of error presen in the model. This is particularly true whenimplemerting the scheme
at the Arabian Seasite whereit is known that on certain occasionsthe major source

of error is due to advection.

5.4.4 Adv ection

A major sourceof error in using the 1-D model to estimate SSTsis that created by
advection. A comparisonof the one-dimensionaheat budget with the obsened heat

content changesasgivenin Figures5.4and5.5,is a good way of assessinghis in uence.
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For the Arabian Sea(Figure 5.4) there are occasionge.g.days 0{10, 25{40, 40{80, and
270{280)whenchangesn the 1-D budgetaretoo largeand advection plays a major role;
correctionsto mixed layer temperaturesbasedon surfaceobsenations do not improve
the heat budget. This is not true howewer at the Subduction site (Figure 5.5) where
the SST assimilationin the mixed layer is ableto constrainaccuratelyall temperatures
in the water column. This is becausdarge advection everts below the MLD arenot in

occurrenceat the Subduction site.
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Figure 5.4. The temporal evolution of total column (to a depth of 150m) integrated
heat content calculated from observe and madelled temperatures at the Arabian Sea

site.

Prole Assimilation

The results from previous sectionsdemonstrate that temperatures belov the mixed
layer are decoupledfrom surfacetemperaturesand therefore cannot be adjustedin an
SSTassimilationsdheme. It hasalsobeenshawn that at the Arabian Seasite, advection

into the water column does occur belonv the MLD and so the whole pro le cannot be
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Figure 5.5: The temporal evolution of total column (to a depthof 150m) integrated heat

content calculated from observe and madelled temperatures at the Sulaluction site.

su ciently rectied by the SST assimilation. Therefore for accurate seatemperature
modelling using a 1-D model at this site, re-initialisation of the temperature pro le is
needed,particularly after advection events. Preserted in Figure 5.6 are the results of
the improvemert in the total column heat cortent at the Arabian Seasite when the
full temperature pro le is assimilatedevery 30 days. This highlights the importance of
temperature information belov the MLD and illustrates the necessiy of temperature
and salinity pro les, for examplefrom ARGO oats [47], aswell as SST obsenations
in global oceanmodelling and data assimilation.

To model diurnal warming on a day to day basiswith limited interferencefrom
advection the correct initial condition is needed. Model simulations were performed
wherethe obsened seatemperature pro les were usedto initialise the model at local
midnight eat day. Thus the diurnal cycle is allowed to dewlop eat day from the
given night time prole. The results from these simulations are given in Table 5.2.

The results can be comparedto those in Table 4.5 where the initial prole is only
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Figure 5.6: The temporal evolution of total column (to a depth of 150m) integrated
heat content calculated from observe and maodelled temperatures at the Arabian Sea

site.

given at the start. The RMS errors in SST over the whole period are signi cantly
reduced,as would be expected as errors are only allowed to build up over a 24 hour
period. They are also much lower than errors from the daily persistenceas recorded
in Table 5.1; this is especially the caseat COARE and the Arabian Seawhere the
diurnal warming e ects are much greater than at the Subduction site. The diurnal
warming errors have slightly improved at the COARE and Arabian Seasites, but as
explained earlier in this chapter the initial condition is not a major determinart of
the magnitude of diurnal warming, far moreimportant is variability in SWR and wind
stress. Large improvemeris are seenin the MLD, this is especially the caseat the
Arabian Seawhereadvection wasknown to be a major causeof MLD errorsduring the
two monsmn seasongseeFigure 4.4 b). The strati cation measurealso shavs good
improvemen with the 10 m and near surfacetemperature di erence kept well belov

two tenths of a degreein RMSE.
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RMS Errors
Site SST( C) | Diurnal Warming ( C) | MLD (m) | Strati cation ( C)
COARE 0.19 0.34 13.4 0.17
Arabian Sea| 0.15 0.24 11.06 0.13
Subduction 0.13 0.2 21.79 0.14

Table5.2: Statistics from comparisonsderived from observationsand model simulations

initialised daily at the mooring sites.

Results are also included when daily initialisation was usedwith 6 hourly forcing,
asdescriked in Section4.7. Theseare presetted in Table 5.3 and should be compared

with Table 4.8. The di erences are similar to those discussedabove.

RMS Errors
Site SST( C) | Diurnal Warming ( C) | MLD (m) | Strati cation ( C)
COARE 0.19 0.36 15.94 0.18
Arabian Sea| 0.19 0.3 12.99 0.17
Subduction 0.14 0.22 24.62 0.15

Table5.3: Statistics from comparisonsderived from observationsand maodel simulations

forced with 6 hourly data and initialised daily at the mooring sites.

5.45 Mixed Layer Adjustmen t

The useof interactively calculated uxes providesafeedba& to the MLD. For example,
if the MLD diagnosedfrom model output is too deepand there is a positive net heat
ux into the oceanthen the SST estimatedis likely to be too cool, asthe heatis mixed
over a larger volume of water in the model than in reality. This cooler SST will then
provide a wealer heat loss of LWR and latent and sensibleheat uxes, thus leading
to greaterstrati cation of the upper oceanand shoalingof the mixed layer. Therefore

interactively calculatedair-sea uxes createa natural balancein the model betweenthe
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temperatures, air-sea uxes, and oceanmixing. An example,at the Arabian Seasite,
of how the SST assimilationcana ect the MLD is shovn in Figure 5.7. As obsenedin
Figure 5.2 at around day 260there is a large di erence in the sum of LWR and latent
and sensibleheat uxes calculated by the cortrol run and the model run with data
assimilation. This changein the heat ux total producesthe shoalingin the MLD at
around day 290and thus better resohesthe obsened MLD at this time. Howeer, this

type of changein the MLD is not seenat other times of the year.
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Figure 5.7: The daily maximum mixed layer depthat the Arabian Sea site derived from
observd temperatures (red), modelled temperatures from the control run (blue), and

modelled temperatures with the direct insertion data assimilation scheme(black).

The mixed layer heat budget can be appraximated by the simple expression

Co 0ZmLD % = F (5.20)

whereF is the total surfaceheat ux, zy.p the mixed layer depth, and , the mean
mixed layer temperature. If we x F, but have two dierent MLDs, s z,, and

ZZ.p Sud that zZ, , > z4, p thenit would be expectedthat the changein mixed layer
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principle, at the Arabian Seasite during the NE Monsaoon period, when the MLD is

temperatureswould be greaterin casel than case2, i.e. . Following this
much shallowver in the model than in reality (days 30{100), the changein temperature
over a givenday during this period shouldbe greaterin the model. This is a time when
the temperaturesare cooling and the oceanis losingheatand thereforea shallover MLD
in the model leadsto a faster cooling in mixed layer temperaturesthan is obsened.
This canindeedbe seenin the SSTsfrom Figure 4.4.

This changeis obsenable by using the SST obsenations and therefore a data as-
similation routine could have the potential to rectify the MLD in the model. Equa-

tion (5.20) can be integrated over a 24-hour period and approximated by
VA 24
G oZmip ( a(24)  a(0)) = (lo+ Q) dt: (5.21)
0

In the direct insertion method of Section5.4.2the mixed layer temperatures are ini-
tialised every 24 hoursand so ,(0) isidertical in the analysisand the badkground eld;
howeer, becauseof the assimilation, 2(24) is di erent from 2(24). It is assumedhat
the integrated uxes are correctand soif they are kept xed then a rearrangemen will

give
A _op a8 0)
we TR a24)  L0))

Howe\er, it wasfound that this schemefailed to improve the modelled MLD or the

(5.22)

estimatedtemperatures. It may be that the mixed layer heat budget, Equation (5.20),
is an over simpli cation for this purpose. More complexity could be addedby allowing
the MLD to ewlve over the time period, and by taking into accourt the reduction in
heat ux becauseof the penetration of SWR below the diagnosedMLD. Perhapswhen
the pro le is correctedan adjustmert in the TKE is alsoneeded.Further experimerts
applying this principle on di erent timescalescould also be tried. An area of future
work is to utilise information that could be gained by comparing the ewlution of
modelled SSTswith thosefrom obsenations, which is thought could provide insight on
MLD. It is believed that this could becomean e ective method in which the structure
of the temperature pro le could be adjustedin a data assimilation method using only

SST obsenations.
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5.5 Summary

In this chapter we have given a brief introduction to data assimilation in generaland
provided an in depth review of the presen state of SST data assimilation. Areas of
weaknessein thesesdemesare iderti ed; theseinclude scar attention given to the
diurnal cycle of SSTspresen in many obsenations and the lack of vertical correla-
tions to spreadsurfaceinformation down into the water column. An important and
open area of researt is how information from surfacetemperature obsenations can
be transfereddeeper into the water columnto provide information on temperaturesat
depth. Adjusting seatemperatures,which are prognosticvariablesin oceanmodels,in
the assimilation canlead to imbalancesbetweenthe thermal and the dynamical elds,
and this issueneedsto be further addressed.

With theseissuesin mind work is preseted on the dewelopmert of various data
assimilation schemes. These sdhemesconbine output from the modied GOTM and
daily midnight SST obsenations at the mooring sites. It is shovn how the availability
of a daily SST obsenation for assimilation vastly improves SST estimation. In the
direct insertion method the SST incremen (model-obseration di erence) is usedto
correct all temperatures within the mixed layer. Through this procedure increased
accuracyof the estimated SSTsprovide improvemernts to the calculated air-sea uxes
and thus reducethe likelihood of future error. Howewer this method is not able to
improve the model's ability to replicate the diurnal variability of near surfacetem-
peratures. It was shovn in Chapter 4 that a major causeof uncertainty on diurnal
and longertimescalesis the cloud cover value. In this chapter a sequetial parameter
estimation assimilation schemeis descriked that usesthe SST obsenations to correct
errors in uxes by estimating an "optimal' cloud cover value for ead day. Howewer
it is was found that on somedays the errorsin the uxes could not be accourted for
by changesin cloud cover alone. Another sourceof possibleerror is the reproduction
of the mixed layer depth, which can be wrong due to poor mixing parameterisations
and the e ects of advection. It is not clearhow SST obsenations can provide informa-

tion on temperaturesbelowv the mixed layer depth, and therefore on occasionspro le
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information is neededin order to constrain oceanheat cortent. Newerthelessa series
of SST obsenations in time may cortain information on the depth of the true mixed
layer, although how this could be utilised was not established.A major problem with

someof the assimilation methods deweloped in this chapter wasthe attribution of error
to a single cause. At thesevarious sites and at di erent times numerous sourcesof
temperature errors have beenidentied. Theseinclude advection, cloud cover, and
incorrect MLDs; howewer, it is very di cult to attribute a single daily SST error to

a particular process. Therefore at this stagethe best that can be done is to make
correctionsto mixed layer temperatures basedon SST measuremets, and wheneer
possibleusepro le information to improve initialisation. In Chapter 7 it is shovn how
SST obsenations taken over the day can be usedto improve the modelled estimation
of diurnal warming. But before,in the next chapter, our work at the mooring sitesis

extendedto other areasby using operational data sets.
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Chapter 6

Using Operational Forcing Data

6.1 Intro duction

In the next two chapters the scope of this thesis work is extendedbeyond the focus
of a few mooring sites. The model is set-up to usecontemporary NWP data setsand
is utilised on a larger spatial scale. The availability of global operational forecastand
analysisdata at 6 hourly intervals opensthe possibility of the use of the model on a
much wider scale.It hasbeennoted that theseNWP elds are far from optimal for the
purposesof diurnal variability modelling [84] and [52], and so there was uncertainty
as to how well the model would perform comparedwith more accurate and higher
frequencyforcing data. However, theseare the constraints set by NWP and we have
to work the bestwe canwithin theselimitations. It washighlighted in Section4.7 how
the GOTM when forced with 6 hourly mean data at the mooring sites was still able
to reasonablycapture the obsened diurnal variability. This was achieved by taking
particular careto resole the SWR at a much ner resolution than 6 hours. In this
chapter it is demonstratedhow operational data setscan be usedto initialise and force
the GOTM and produce modelled diurnal warming estimatesat many locations. The
modelis applied over wide areasand spatial aswell astemporal structure of the diurnal

warming of SSTscan be analysed.
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6.2 Global Data Sets

Data are neededto initialise and force the mixed layer model in order to produce
SST estimates. For the work in the next two chapters this globally available data is
provided by operational forecastcertres. This included NCOF/UKMO FOAM global
1 analysis data of seatemperature and salinity (at depths: 5, 15, 25, 35, 48, 67,
96, and 139 metres) at 00:00 GMT; ECMWF 1 global forecast6 hourly integrated
uxes at 18:00,00:00,06:00,and 12:00GMT of surfacesolar radiation, surfacethermal
radiation (LWR), surfacelatent heat ux, surfacesensibleheat ux, east-westsurface
wind stress, and north-south surfacewind stress; or alternatively 10m wind speed
componerts, 2m air temperatures,and 2m dew point temperaturesaswell assealevel

pressure.Thesedata were obtained from the Godiva data accessener at ESSC[124.

6.3 GHRSST Observ ations

The Global OceanData Assimilation Experimert (GODAE) high-resolution seasur-
facetemperature pilot project (GHRSST-PP) [106]providesa new generationof global
high-resolution (< 10km) SST data products to the operational oceanographicmete-
orological, climate, and generalsciertic community, in real time and delayed mode.
Every day, GHRSST-PP processingsystemsproduce SST products from seweral com-
plemertary satellite and in-situ SST data streamsto a commonnetCDF format. Both
integrated obsenation (L2P) and analysis(L4) products are available.

GHRSST-PP Level-2 Pre-processedL2P) format data products are netCDF les
corntaining SST data, error estimates(bias error and standard deviation) for ead pixel
and a seriesof ancillary elds to help interpret and usethe SST data themsehes. The
power of L2P liesin the fact that all satellite SST data are presened in a commoneasy
to usedata format sothat only a singleinput/output utilit y is requiredto start using
data rather than having to re-cade and maintain code for ingestionof di erent satellite
data. Currently satellite data is available from the following: AVHRR, AATSR, TMI,
AMSRE, SEVIRI, NAR, and MODIS.

Unfortunately at the momen the only data in a gridded format, which is the format
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immediately usablefor our purposes,is from the SEVIRI, AMSRE, and TMI. These
instruments and what they measureare descrited in more detail belov. To usethe
other data setswould require the implementation of a seart algorithm to nd the data
at the locationsrequired, but considerableadditional computertime would be needed.

The L2P GHRSST-PP data products come with Single SensorError Statistics
(SSES). The satellite obsenations usedfor this thesis have the GHRSST estimated
bias removed. Each GHRSST obsenation is provided with a proximity con dence
value. Only data with values considered acceptable'and "excelleti (values4 and 5
respectively) for the infrared obsenations and "acceptable’and “diurnal' (values12and
13respectively) for the microwave obsenations are acceptedfor inclusionin this work.
This choice selectsobsenations far from any corrupting in uences, sud as cloud for
infrared and rain for microwave, but keepsobsenations that are potentially a ected
by a diurnal signal.

GHRSST-PP L4 products are designedto provide the best available estimate of
the SST from a combined analysis of all available SST data. In-situ data form an
important componert of the L4 processas these data are usedto correct for biases
betweenthe satellite data sets. L4 products capitalise on the synergybene ts of using
in-situ, microwave satellite SST,and infra-red satellite SST. The GHRSST L4 products
include the UKMO OSTIA product describted in Section5.3.5.

For moreinformation onthe data processingspeci cations adoptedfor the GHRSST
products see[33]. The three SST data products usedin this chapter and the next are

now introduced.

6.3.1 SEVIRI

Radiometric measuremets from the Spinning EnhancedVisible and Infrared Imager
(SEVIRI) on-board Meteosat SecondGeneration (MSG) satellites (from Meteosat-8,
launched August 2002, onwards) are usedto derive SST obsenations. Imaging is
achieved with a bi-dimensionalEarth scanfrom a geostationaryorbit. New imagesfor
ead infrared channel are available every 15 minutes. The GHRSST product picks the

“best' measuremen in a 3 hour period. As an infrared measuremen the imagesare
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contaminated by cloud cover so that good quality obsenations are only available in

clear sky conditions.

6.3.2 TMI

The Tropical Rainfall Monitoring Mission (TRMM) is a joint NASA and JAXA mis-
sion launched in November 1997 and designedto monitor and study tropical rainfall.

The TRMM has a near equatorial low inclination orbit and movesfrom west to east
providing data at varying local times between40 S and 40 N. On board TRMM is
the TRMM Microwave Imager (TMI), which is a conical scan microwave radiometer
with channelsat separatefrequencies:10.7, 194, 21:3, 37, and 855GHz and a spa-
tial resolution of about 50km. A conbination of channelsare usedto retrieve SST
through clouds, which are nearly transparert at 10.7 GHz. The measuremen of SST
through cloudsby satellite microwave radiometerswas an elusive goal for many years.
The early radiometersin the 1980'swere poorly calibrated, and the later radiometers
lacked the low frequency channelsneededby the retrieval algorithm. The ability of
TMI to measurethrough cloudsis a distinct advantage over the traditional infrared

SST obsenations that require a cloud-free eld of view. Oceanareaswith persisten

cloud coverageare now viewed on a daily basis. Furthermore, microwave retrievals are
not a ected by aerosolsand are insensitive to atmosphericwater vapour. Howeer, the

microwave retrievals are sensitive to seasurfaceroughnesswhile the infrared retrievals
are not. A primary function of the TRMM SST retrieval algorithm is the removal of
surfaceroughnesse ects. Microwave and infrared SST retrievals are very complemen-
tary and canbe conbined to obtain reliable global data sets. Error statistics, compiled
from data available at [140],are given in Table 6.1. Here the satellite obsenations are
comparedwith various typesof in-situ obsenations as well asthe ReynoldsSST (see
Section5.3.5).
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6.3.3 AMSRE

The AdvancedMicrowave ScanningRadiometerfor Earth ObservingSystems(AMSR-

E) was launched in May 2002, aboard NASA's Aqua spacecraftwhich has a sun-

syndironous orbit.

JAXA provided AMSRE to NASA as an indispensablepart of

Aqua's global hydrology mission. Over the oceans,AMSRE is measuringa number

of important geoplysical parameters,including SST, wind speed, atmospheric water

vapour, cloud water, and rain rate. A key feature of AMSRE, as with TMI is its

capability to seethrough clouds, thereby providing an uninterrupted view of global

SST and surfacewind elds.

It measuresthe temperature of the top layer of water

appraximately 1 mm thick, ( supskin). Missing data can be due to sun glint, rain, sea

ice, and high wind speed(> 20ms 1). Error statistics are givenin Table 6.1.

Match-ups Bias ( C) | Standard Deviation ( C) Dates

TMI { Reynolds 0.05 0.80 01/01/98 to 18/09/06
TMI { ship engineintake 0:03 0.77 02/09/98 to 04/11/06
TMI { moored buoy 0:08 0.57 02/09/98 to 04/11/06
TMI { drifting buoy 0:04 0.61 02/09/98 to 04/11/06
TMI { ship bucket 0.11 0.62 02/09/98 to 04/11/06
TMI { ship hull 0:06 0.66 02/09/98 to 04/11/06
AMSRE { Reynolds 0:05 0.76 30/05/02 to 04/11/06
AMSRE { ship engineintake 0:01 0.75 30/05/02 to 04/11/06
AMSRE { moored buoy 0:02 0.50 30/05/02 to 04/11/06
AMSRE { drifting buoy 0:02 0.54 30/05/02 to 04/11/06
AMSRE { ship bucket 0:01 0.65 30/05/02 to 04/11/06
AMSRE { ship hull 0:04 0.69 30/05/02 to 04/11/06

Table6.1: Mean validation statistics calculated from near real time daily collocated data

setsat [140].
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6.4 Experimental Set-Up

The availability of global operational forecastand analysisdata to force and initialise
the model allows the freedomto run GOTM at any and many locations. An example
for July 2005in the North Atlantic is shavn in Figure 6.1. Here GOTM s initialised
daily at 00:00GMT with 1 global FOAM temperature pro les and is forced by using
ECMWEF 6 hourly integrated prescribed uxes.
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Figure 6.1: A comparison of SSTs, at di er ent depths,from FOAM and GOTM in the
North Atlantic at (30 N, 310 E) for July 2005.

As in Section 4.7 care was again taken to corvert the solar ux to a ner time
resolutionto allow better represetation of the diurnal cycle. In this casethe ECMWF
SWRis givenasa 6 hourly integrated value, asopposedto a meanvalue aswasthe case
in Section4.7. The approad presetted hereis an improvemert on similar techniques
adopted by Horrocks et al [52] and Hallsworth [50]. The clear sky insolation, 14, is
calculated a priori, asdescrited in Section3.2 using equations(3.1)-(3.4), at eat 30

secondtime step. Then to calculatethe net surfaceSWR at eat time over the day the
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Reedparameterisation(Equation (3.5)) is used. Integrating this over a 6 hour window
ives
g YA T+6 YA T+6

| odt = l.(1 0620+ 0:0019)(1 )dt (6.1)
T T

where T are the 6 hourly forecasttimes. The left hand side of equation (6.1) is set
equalto the ECMWEF value, and Equation (6.1) can be rearrangedto nd an e ective
mean cloud value over this window,

R R
_ (1+00019) S0 )dt T ledt, 6.2)
0:62 1Pl )dt ' '

R
7141 )dt= 0, then persistenceny = ny ; is assumed.

If it is night time, sothat
A ched is alsomadeto enforcethe physical cloud limits 0 n 1. The net surface
SWR, |¢, usedin the model run is calculated using the Reedformula (3.5) with the 6
hourly cloud valuesderived from the 6 hourly integrated ECMWF net surfaceSWR as
descriked above. The other integrated uxes (net surfaceLWR, sensibleheat, latent
heat, and surfacewind stresscomponerts) are corverted to a mean over the 6 hour
period and this constart value is then usedin the model simulation.

In Figure 6.1the FOAM 5m temperatureshave beenlinearly interpolatedto clearly
demonstrate how the diurnal cycle as modelled in GOTM sits on top of this base
temperature that is usedfor initialisation ead day. A diurnal cycleis seennot only
in the top grid level of GOTM (0:015m), but alsoa much reducedwarming signal is
evidert at the 5m depth.

Direct obsenations of individual diurnal warming signalsare highly improbable as
obsenations are not likely to coincidewith the maximum and minimum daily SSTs.
Therefore modelled diurnal amplitudes can only be indirectly validated by comparing
modelled SSTsto individual obsenations at obsenation times throughout the day.
For this reasonit is essetial that the model starts from an accurateinitial condition,
otherwise the model-obseration di erences will be characteristic of the initial o set
rather than di erences in how the modelled and obsened SSTs have ewlved over
the day. To improve the initial condition we use the OSTIA product descrited in
Section 5.3.5. This product represets an averageof all GHRSST-PP SST derived

satellite obsenations over a 24 hour period, excluding daytime obsenations recorded
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in low wind speed conditions. Thus OSTIA can be seento represeh the night time
temperature and is used here to initialise the model at 00:00GMT. Work presened
in this thesisis basedin the Atlantic Oceanand therefore local time di erences are
slight; if, howewver, model runs wereto be performedin the Paci ¢ Ocean,for example,
then an adjustmert would be neededto initialise GOTM at local night time. The
OSTIA valueis usedeadt day to correctthe mixed layer temperaturesof FOAM. The
procedureis the sameas that dewloped in Section5.4.2. This correction was found
to causeinstability problemson a few occasionswhen OSTIA and the 5 metre FOAM
temperaturearevery di erent. Underthesecircumstancest is uncertain how to correct
temperaturesbelowr the mixed layer and sono model simulation is performedat these
locations.

This type of model simulation can be run at seeral locations and spatial diag-
nostics of the output produced. A 1 latitude and longitude grid of GOTMs was run
over a section of the South Atlantic Oceanfor a weekin northern hemispherewinter
(147" January 2006). The selectedregionis o the east coast of South America
encompassing 45 Nto 25 N in latitude and 300 E to 330 E in longitude. Prelim-
inary model simulations found this areato have large diurnal warming variability and
was thus selectedfor further study. Sensitivity studiesare carried out and the results
are presettied in the next section. Further results are presened for the whole of the

Atlantic Oceanwith an improved model set-up and theseare discussedn Section6.6.

6.5 Sensitivit y of Mo del to Mixing and Forcing Op-

tions

6.5.1 Turbulen t Mixing Options

In theselocationsthe sensitivity of the model to the variousadditional turbulent mixing
options was tested. In these experimerts various combinations of options are exam-
ined in order to nd the optimal combination for modelling the diurnal warming of

SSTs. In using a ne near surfacegrid (seeSection2.4) the model can becomevery
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sensitive to the amourt of mixing being generatedin the top grid boxes and this is
particularly true in low wind speedconditions. Under low wind speedconditions the
surfacestressis very slight and little TKE is generated,the model has a tendencyto
under produce TKE in sud circumstancesput thesevaluesare of extremeimportance
when modelling the diurnal cycle. To prevernt the extinguishing of TKE an internal
wave parameterisation (see Section 2.3.4) can be included to represen internal wave
activity which always leaves a badground residueof TKE. To enhancemixing at the
surfacea wave breaking parameterisation (see Section 2.3.3) can be included. Under
low wind stressconditions the type of surfaceboundary conditions (prescribed Dirich-
let conditions or a ux boundary Neumanntype condition) for TKE and dissipation
can alsomake a di erence.

The starting point wasto considermodelled diurnal warming estimatesof over4 C
as unlikely. The various conbinations of options were tested over the selectedregion
and chosentime period and a court was taken of the number of occurrencesvhen the
modelled diurnal warming exceededd C and a record kept of the maximum value. If
the model is consistettly under producing TKE at the near surfacethen it is expected
that the number of extreme warming evens will increasein number and magnitude.
The modelled SST, ¢.015m, IS validated against SEVIRI obsenations. All the results
aresummarisedn Table6.2. The valuesin parerthesesindicate model resultsproduced
only from locations successfullynodelled in all case§on occasionsthe conditions are
sud that someconbinations of options result in sud extreme near surfacewarming
that the model becomeaunstable and crashes).This still encompassea large number
of obsenational comparisons(2285SEVIRI obsenations used).

From the results in Table 6.2 it is clear that the internal wave parameterisation
is essetial; without this the TKE can vanish when wind speedsapproad zero and
on theseoccasiongproducetotally infeasibleSST warming estimates. When using the
internal wave parameterisationit appearsthat the Neumannboundary conditions pro-
duce slightly better results than the Dirichlet surfaceboundary conditions. Looking
at the remaining results it seemsthat the use of the wave breaking parameterisation

slightly inhibits the likelihood of extreme diurnal warming estimatesunder Neumann
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Mixing Options Results

BC IW | WB | RMS Errors ( C) | Max DW ( C) | Extreme DW Everts
Dirichlet | no | no 0.83(0.83) 15.84(15.82) 102 (88)
Neumann| no | no 0.84(0.85) 19.13(19.13) 104 (100)
Dirichlet | yes| no 0.55(0.55) 5.09(5.09) 33(32)
Neumann| yes| no 0.54(0.54) 4.97(4.97) 21(21)
Dirichlet | yes| yes 0.56(0.56) 6.20(6.20) 39 (36)
Neumann| yes| yes 0.53(0.53) 4.94(4.94) 15(14)

Table 6.2: The e ects of surfae boundary conditions (BC), internal wave (IW), and
wavebreaking (WB) parameterisationson RMS di er eneswith modelled SSTat ¢.015m
and SEVIRI observations, the magnitude of the maximum diurnal warming (DW)
event,and the numter of extremeDW events( ¢015m > 4 C). Valuesin parentheses

are produced from model simulations at identical locations.

boundary conditions, but when using Dirichlet boundary conditions the wave break-
ing parameterisationappearsto slightly heighen the occurrenceof extreme warming
ewverts. In the conditions of most interest here (low wind regimeswherediurnal warm-
ing of SSTsoccur), wave breakingis not expectedand thereforeit was decidedagainst
the use of the wave breaking parameterisation. Subsequetty the options chosenfor
model results shavn in this thesis use Neumanntype ux surface boundary condi-
tion for the TKE and dissipation equationsand include the use of an internal wave
parameterisationbut not a wave breaking parameterisation.

It should be noted here that theseresults were obtained by initialising to FOAM
seatemperatures and salinities and by making daily correctionsto the mixed layer
temperatures basedon OSTIA data. Thesemodel simulations were forced with pre-
scribed uxes of LWR, latent and sensibleheat, and surfacemomerium as opposed
to dynamically calculating uxes by using 2 metre air temperatures, dew point tem-
peratures, and 10 metre wind speedstogether with the modelled SST. This issueis

discussedurther in the next section.
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6.5.2 Prescrib ed vs Dynamic Air-Sea Fluxes

The ECMWEF predicts 6 hourly integrated forecastsof LWR, latent and sensibleheat
ux, and surfacemomerium ux. A mean xed 6 hourly value is then derived and
usedto force the mixed layer model. This is described as using prescribed uxes.
Another approad is to usethe 6 hourly forecast surface meteorology (air and dew
point temperature, air pressure,and u and v wind speeds)together with the SST
from GOTM and using the Fairall air-sea ux algorithm calculate the air-sea uxes
of latent and sensibleheat and surfacemomertum (seeSection 3.5.8). The LWR is
calculated using the Clark formula (see Section 3.4). This method allows feedba&
betweenthe modelled SST and the uxes and is referredto asdynamically calculating
the uxes. Choosingthe bestcombination of Neumannsurfaceboundary conditionsfor
the TKE and length scaleequations,internal wave mixing parameterisation, but not
wave breaking and applying dynamically calculated uxes instead of using prescribed
uxes givesthe following results. The RMS error hasincreasedby 0:01 C to 0:55 C
(0:55 C), but the maximum diurnal warming event is much lessat 4:26 C and the
number of diurnal warming ewvents greaterthan 4 C is now only one.

An example,showvn in Figures 6.2 and 6.3, demonstratesthe di erences between
forcing the model with prescribed and dynamic uxes. For the caseof forcingthe model
with prescribed uxes the diurnal warming estimateson thesetwo days are 4:35 C and
4:97 C; unrealistically large. Howewer, when the model is forced by calculating the
air-sea uxes dynamically the diurnal warming estimatesreduceto more respectable
valuesof 1:46 C and 2:33 C respectively. The mean ux valuesover this period for the
prescribed and dynamic casesare given in Table 6.3. The magnitude of the dynamic
uxes are larger thus leadingto the lower SST valuesseenin Figure 6.2. In Figure 6.3
the SST feedba& on the dynamic uxes can clearly be picked out. As SSTsrise
during the early afternoon an increasein the magnitude of ead of the three heat ux
componerts is distinctly seenin the dynamically calculated case.This is true on both
days, but is particularly pronouncedon day 2. This increasen the lossof heat from the
oceanreducesthe build up of heat at the surfaceand thus limits the diurnal warming

of SSTs.
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Figure 6.2: SSTat ( 30 N, 306 E) for the 15{{2" January 2006 forced with pre-
scribed (black) and dynamic (red) uxes.

Fluxes Qe Qn Qs |Qe+0n+ Qs
Prescribed 2544 2:18 6177 84:42

Dynamic 2546 | 4775 7126 10145

Table 6.3: Mean ux values(prescrited and dynamic) for the 15t{2"¢ January 2006 at
( 37 N, 306 E). Qg is the latent heat ux, Qu the sensibleheat ux, and Qg the

long-waveradiation, valuesare in Wm 2.

6.5.3 Choice of Radiant Heating Parameterisation

In Section4.4.2it was shown that the 9-band oceanradiant heat parameterisation of
Paulsonand Simpson[101]performedbetter than their earlier 2-bandparameterisation
[100. Howewer, asdiscussedn Section3.3, resolvingthe penetration of solar radiation
into a larger number of wave-bandsis not the only way to improve the amourt of solar

absorption at the near surface. Although the 9-band parameterisationcoveredthe full
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Figure 6.3: From top: latent heat ux, sensibleheat ux, and long-waveradiation at
( 37 N, 306 E) for the 15t{2"9 January 2006 comparing 6 hourly prescriled values

(black) with dynamially calculated values(red).
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spectral range, the coe cien ts and exponerts in Equation (3.8) are invariant and de-
termined from laboratory experimerts using pure water conductedin the early 1900s
(see[28]). The ocean,howewer, is not pure water and cortains salt and suspendedmat-

ter. The coe cients and exponerts in the 2-band parameterisationcan be modi ed

accordingto Jerlov water type classi cation [57], an obsoleteindex of oceanturbidit y.

It hasbeenshown that variations in solartransmissionare explainedalmost ertirely by
upper oceanchlorophyll concerttration in the euphotic zone, cloud amourt, and solar
zenith angle [96]. Thesefactors are the basis of the Ohlmann and Siegelparameter-
isation [95] which is the only parameterisationto claim to resole solar transmission
variations within the top few metresof the ocean. Global remotely sensedchlorophyll

mapsreplacethe crudeuseof Jerlov water types. It wasthereforedecidedto implemert

this state-of-the-art parameterisationinto GOTM. It should, howewer, be menrtioned
that variations in chlorophyll concerration are of little importancefor radiant heating
within the upper metre becausea signi cant amourt of the total energyexistsbeyond
the chlorophyll sensitive wave-bands,as stated in [96].

The 9-band parameterisationis comparedto the oceancolour parameterisation of
Ohlmann et al. The chlorophyll concetration valuesusedin this thesis are obtained
from monthly mean SeaWiFS9km chlorophyll-a climatologieswhich are available at
[150. This data set hasonly beenavailable since Septenber 1997 and hencewas not
ableto be utilised in the studiesat the mooring sites. The RMS errorsbetweenSEVIRI
obsenations and the modelled SST, g.015m, USing the 9-band parameterisation were
0:57 C; this is 0:02 C greater than when the Ohlmann et al parameterisation was
used. The maximum modelled diurnal warming amplitude was 4:83 C whenusingthe
9-band parameterisation;this compareswith 4:26 C. The number of extremewarming
ewernts (> 4 C) wasalsoincreasedrom 1to 5 whenusingthe 9-bandradiation scheme.
This suggeststhat the 9-band radiation parameterisationover estimatesthe amourt
of solar absorption at the very near surface. Therefore the ocean radiant heating
parameterisationby Ohlmann et al was usedfor all model simulations in this thesis,

excluding at the mooring sites as mertioned earlier.
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6.6 Results and Discussion

Having found improvemers by using an IW mixing parameterisation,calculating the
air-sea uxes dynamically, and implemening a better oceanradiant heating parame-
terisation the improved experimertal set-upwasimplemerted over the Atlantic Ocean
( 50 Nto 50 N and 270 E to 359 E). Modelleddiurnal variability (  o.015m) Mmaps
were producedfor the rst weekof January 2006and are shovn in Figures6.4to 6.10.

Also shawvn in Figures 6.4 { 6.10for comparisonare graphs of the daily modelled
meanSST  g.01sm , the daily modelledmeanwind stress j | , andthe daily modelled
peakSWR 1, . Therearenot too many noticeablechangesto the meanSST; howe\er,
day to day changesin the diurnal warming can clearly be seen. This particular week
is during southernhemispheresummerand se\eral placessouth of the equatorread a
peak SWR of 1000Wm 2. In the peak SWR graphs (bottom right map in Figures 6.4
{ 6.10) it can also be seen, particularly in the southern hemisphere,that areas of
high peak SWR, up to 1000Wm 2, are interspersedwith areasof low peak SWR,
around 500Wm 2, this reveals areasa ected by cloud cover. The majority of the
Atlantic at this time experienceslow diurnal warming, between0 and 1 C. Some
areas, predominately in the southern hemisphere,do experiencediurnal warming of
above 1 C. There are alsosmall areaslocated mainly in the latitude band 40 N to

20 N wherethe diurnal signalbecomedarge,2 4 C. Areasof low and extremely
low, < 0:01Nm 2, wind stressappearto be fairly good indicators of regionsof diurnal
warming. Strong diurnal warming only occurs when very low wind stressescoincide
with very strong SWR.

Stuart-Menteth et al [136 have produced morthly averagedand inter-annual di-
urnal warming maps derived solely from AVHRR day/night match-up obsenations.
Their study revealedthe extert of diurnal warming at mid-latitudes and the tropics
and suggestedthe needfor the diurnal cycleto be included in numerical models. A
comparisonof the diurnal warming graphs (top right map in Figures 6.4 { 6.10) to
mean diurnal warming for January 1989asin Figure 1 of [136] or the graphsin Fig-

ure 4 of [134 showing the number of occurrencesof warming above 0:5 C in January
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Figure 6.4: A map of the Atlantic Ocean showingdaily mean SST  .015m , diurnal

warming ( o.015m), daily mean wind stress j j , and daily peak SWR T, for the
18 January 2006.
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Figure 6.5: A map of the Atlantic Ocean showingdaily mean SST  .015m , diurnal

warming ( o.015m), daily mean wind stress j j , and daily peak SWR T, for the
2" January 2006.
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Figure 6.6: A map of the Atlantic Ocean showingdaily mean SST  .015m , diurnal

warming ( o.015m), daily mean wind stress j j , and daily peak SWR T, for the
39 January 2006.
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Figure 6.7: A map of the Atlantic Ocean showingdaily mean SST  .015m , diurnal

warming (
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Figure 6.8: A map of the Atlantic Ocean showingdaily mean SST  .015m , diurnal
warming ( o.015m), daily mean wind stress j_j , and daily peak SWR 1, for the
5t January 2006.
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Figure 6.9: A map of the Atlantic Ocean showingdaily mean SST  .015m , diurnal
warming ( o.015m), daily mean wind stress j_j , and daily peak SWR 1, for the
6" January 2006.
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Figure 6.10: A map of the Atlantic Ocean showingdaily mean SST  o.015m , diurnal
warming ( o.015m), daily mean wind stress j_j , and daily peak SWR 1, for the
7" January 2006.
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over 6 particular yearsdoesshov somesimilarities - particularly the susceptibility of
the latitude band 40 N to 20 N to strong diurnal warming. As far asis known
plots sudh as Figures 6.4{ 6.10are a rst attempt to produce sudr maps basedon
model output and are of addedvalue in seeral respects. Firstly they canbe produced
globally complete on a daily basis, asthey do not rely on particular overpasspaths
and times or the availability of day/night overlapsin the obsenations. Secondlymany
climate and oceanmodellers are reluctant to include a diurnal cycle in their models
becauseof the increasedcost of extra vertical resolution; thereforethe satellite comrmu-
nity are requiredto provide obsenations for assimilationthat are not “corrupted' by a
diurnal signal. Thesemapscanbe usedto highlight areaswhereobsenations are likely
to have a diurnal warming signal and ag obsenations in the vicinity; or better still
usethe model output to remove the diurnal bias at any location. Thirdly this simple
model approad could potentially be useful for improving accuracyin obsenational
foundation SST products by again removing the diurnal signal and reducing bias. It
follows from the previoustwo points that what is actually required is not necessarily
a diurnal warming value but the skin to bulk measureat an obsenation time. For
example, a satellite measuresthe temperature at the skin or sub-skin depth and a
quarti cation of the near surfacevariability is neededto corvert this measuremen
to the foundation depth for inclusion in a bulk SST product, or at the 5m depth for
assimilationinto an oceanmodel. The new approad preseted herecan provide these
much neededestimates.

To assesghe accuracyof the modelled diurnal warming estimatesGHRSST L2P
obsenations from SEVIRI, AMSRE, and TMI are comparedto hourly model output.
The results preserted in Table 6.4 shav that overall the model{obsenation di erences
have zeromeanand a root meansquareof 0:58 C. A negative bias, warmer obsena-
tions than model, are seenfor the SEVIRI obsenations and positive biasesfor AMSRE
and TMI obsenations. This could represeth an inherert warm bias in SEVIRI SST
when comparedto AMSRE and TMI measuredSST. The SEVIRI obsenations are
comparedto the parameterisedcool skin temperature of the model. A persisterily

over estimated cool skin e ect could be cortributing to the larger SEVIRI o set. The
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table also shaws that although the mean SEVIRI errors are larger than the other ob-
senation typesthe RMS errors are smaller, as are the standard deviations. Thus
indicating a much smallerrandom componert to the SEVIRI obsenation errors. The
overall model{obsenation di erences are shovn to be the samefor daytime and night
time match-ups and the RMS and STD are similar, varying by only 0:02 C. Daytime
hereis de ned asoccurring betweenthe hours 10{16 (local time) and night time hours
between22{04 (local time).

Match-up Number | Mean | RMS | STD
GOTM-SEVIRI 28075 0:24| 0.43 | 0.26
Day: GOTM-SEVIRI 7610 0:26 | 042 | 0.21
Night: GOTM-SEVIRI 6264 0:24| 0.44 | 0.26
GOTM-AMSRE 26884 | 0.13 | 0.62 | 0.59

Day: GOTM-AMSRE 6009 0.14 | 0.55 | 0.51
Night: GOTM-AMSRE 5660 0.19 | 0.61 | 0.55

GOTM-TMI 22269 | 0.16 | 0.68 | 0.64
Day: GOTM-TMI 6103 0.15 | 0.67 | 0.64
Night: GOTM-TMI 4647 0.07 | 0.67 | 0.66
GOTM-ALL 77228 | 0.00 | 0.58 | 0.58
Day: GOTM-ALL 19722 0:01| 0.55| 0.55
Night: GOTM-ALL 16571 0:01| 0.57 | 0.57

Table 6.4: Comparing model output ( «in for SEVIRI and ¢.15m for AMSRE and
TMI) to GHRSST L2P satelite data. Resultsshownumber of match-ups, mean, root

mean squae di er ena, and standad deviation; valuesin C.

The satellite obsenations are also comparedto the OSTIA product in Table 6.5.
The dierences in Table 6.5 are generally slightly smaller than Table 6.4. This is
perhapsnot surprising since OSTIA is a mean of the GHRSST satellite obsenations
anyway. The satellite obsenations all have a negative bias (except daytime AMSRE

and daytime TMI), shawing that the satellite obsenations are slightly warmer than
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OSTIA on average. This shouldbe expectedas OSTIA represets a night time or foun-
dation temperature, whereasthe match-ups here compareall obsenations, including
thosethat cortain a diurnal signal. It is odd, howeer, that the daytime AMSRE and
TMI obsenations showv a positive bias (OSTIA warmer than obsenations). It would be
expectedthat the daytime obsenations on averagewould be warmer than the OSTIA,
which represeis the night time temperature. There is also particularly large errors
assaiated with the night time TMI obsenations which should be a concern. The SE-
VIRI obsenations again shav a larger bias than the other obsenations suggestingan
inherert warm biasin SEVIRI SST.

Match-up Number | Mean | RMS | STD
OSTIA-SEVIRI 28447 0:14| 0.36 | 0.31
Day: OSTIA-SEVIRI 7693 0:14| 0.33 | 0.27
Night: OSTIA-SEVIRI 6376 0:12| 0.36 | 0.32
OSTIA-AMSRE 27364 0:03| 0.55 | 0.55

Day: OSTIA-AMSRE 6068 0:06 | 0.49 | 0.48
Night: OSTIA-AMSRE 5803 0:03| 0.60 | 0.60

OSTIA-TMI 23750 0:01| 0.65 | 0.65
Day: OSTIA-TMI 6137 0.05 | 0.60 | 0.60
Night: OSTIA-TMI 5382 0:20| 0.78 | 0.72
OSTIA-ALL 79561 0:06 | 0.53 | 0.52
Day: OSTIA-ALL 19898 0:02| 0.48 | 0.48
Night: OSTIA-ALL 17561 0:11| 0.59 | 0.57

Table6.5: Comparing OSTIA, usel asthe initial condition for the Atlantic modelruns,
to GHRSST L2P satelite data. Resultsshownumker of match-ups, mean, root mean

squae di er enee, and standad deviation; valuesin C.
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6.7 Summary

In this chapter it has been shavn how global operational forecasting data sets can
be usedto initialise and force a 1-D mixed layer ocean model to produce diurnal

variability estimates. Thesemodels canthen be run at many locationsin a particular

areaand spatial mapsof the diurnal variability canbe produced. It is shavn how model
performancecan be improved by rst resolvingthe SWR at a resolution much ner

than 6 hours. In this chapter it wasalsoshavn how important the choice of additional

mixing options canbe. It wasfound that the most stable choicewasusinginternal wave
mixing, but not wave breaking and to useNeumanntype surfaceboundary conditions
for the TKE andlength scaleequations. Calculating the air-sea uxes usingthe forecast
surfacemeteorologyand modelled SSTswas also found to produce improvemeris on
usingthe 6 hourly xed ECMWEF surface uxes. This is becausahe feedba& between
the modelled SST and the air-sea uxes prevens extremediurnal warming and keeps
a balance. Finally the 9-band oceanradiant heating parameterisationwas upgraded
to the state-of-the-art parameterisation that usesremotely sensedchlorophyll data
to better represen the absorption of solar radiation in the upper ocean. This type
of “optimal' set-up was shovn to produce fairly accurate results when comparedto

SEVIRI satellite derived SST obsenations. The method was then applied over the
Atlantic Oceanto produce daily modelled diurnal variability SST maps. Thesetypes
of mapsare potertially very usefulin highlighting areassusceptibleto diurnal warming
and then producing information for agging daytime satellite obsenations, or better
still removing the warming signal in those areas. The modelled SST estimateswere
shawvn to have zeromeanand 0:58 C RMS errorswhencomparedto SEVIRI, AMSRE,

and TMI obsenations. Detailed knowledge of the extert of diurnal warming in the
world's oceansis still limited and this systemcould be employed at various locations
and in di erent seasondo improve our understanding of the conditions required for
diurnal variability and to build a climatology of its global distribution. This system
could be usedin real time to forecastlikely diurnal warming signalsand thus could be

usedas part of a data assimilation systemthat assimilatesSST obsenations in real
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time.
In the next chapter a method is deweloped by which the modelled diurnal warming
estimatesare improved by the assimilation of satellite obsenations of SST. In conbin-

ing model output with obsenations over the diurnal cycle uncertairnties in the original

modelled output are reduced.
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Chapter 7

Assimilating Satellite SST

Observ ations into the Diurnal Cycle

7.1 Intro duction

The work in Chapter 6 demonstrated how operational forecastdata can be usedto
force a collection of mixed layer modelsin order to estimate diurnal variability. The
output from thesemodel simulations canbe usedto evaluate diurnal warming patterns
in time and over a wide area, as seenin Figures 6.4 { 6.10. In the introduction to
Chapter 5 it was described how data assimilation is usedto merge dynamical model
output with obsenationsto improve state estimation. In this chapter work is presered
that showvs how the modelled diurnal warming estimates, as producedin Chapter 6,
can be improved by incorporating satellite derived obsenations of the SST over the
day. A technique to assimilateindividual SST obsenations into the mixed layer was
descriked in Section5.4.2. This adjustmert to mixed layer temperaturesat night time
was shovn to improve SST estimatesat the buoy sites, and was usedin Chapter 6
to initialise the model by adjusting the mixed layer FOAM temperaturesaccordingto
OSTIA obsenations. Howewer, aswasdiscussedn Chapter 5 this assimilation method
was not able to improve diurnal warming estimates. It was outlined how obsenations
would be neededthroughout the day in order to improve the modelled diurnal signal.

Forcingin the model could then be madebetter, for exampleby the choiceof fractional
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cloud cover. In this chapter GHRSST L2P satellite derived SST obsenations occurring
throughout the day are usedto improve model estimatesof the diurnal signal. A new
and novel assimilation stheme is deweloped that exploits diurnal information in the
obsenations to better quartify the diurnal cycle of SSTs. This is achieved by making
corrections(within uncertainty limits) to the forcing data.

This chapter proceedsasfollows: Firstly, an outline of the current researt problem
of preparing SST obsenations for assimilation by accouring for diurnal variability in
the satellite measuremets is presemed. Following this the SST data assimilation
method that has beendeweloped for this problem is outlined and details of the steps
involved are given. This algorithm is then employed at locationsin the Atlantic Ocean.
Variations and improvemeris to the algorithm are discussed.The resultsobtainedfrom

using this schemeare preseted and conclusionsdrawn.

7.2 Preparing Satellite SSTs Observ ations for
Assimilation

Satellites measureSST either in the infrared (IR) or the microwave (MW) part of
the electromagneticspectrum. IR instruments derive a skin temperature and MW
instruments the sub-skintemperature. In Chapter 1 it was descrited how thesenear
surface obsenations can be susceptibleto diurnal warming signals. Therefore the
timing of the obsenations and the conditions in which the measuremets are taken
is very important. Howewer, current ocean models are not able to resole the near
surfacethermal micro-structure or adequatelyrepresen featuresof diurnal variability
and thereforethe assimilation of daytime SST obsenations preseis di culties.

In the assimilation processthe innovation vectorHx y usesan obsenation opera-
tor H to transform model variablesx onto an obsened quartity y, sothat alike-for-like
comparisoncan be made. The seatemperature at the minimum modelled depth, typ-
ically 5m or deeper in an oceanmodel, needsto be transformedin spaceand time to
give a temperature at the near surface,as measuredby the satellite. What is therefore

neededfor the satellite SST assimilation problem is an operator that can e ectively
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provide the diurnal warming estimate at the obsenation time. This obsenation op-
erator can not be invariant asthe transformation will depend on the particular local
conditions at a given time. Deweloping sud an operator is not an easytask; sev-
eral attempts at parameterisingthe likely warming (e.g. [151], [68], [42], and [137])
have experienceddi culties in represeting the full range of outcomesin this highly
complex and non-linear system. A prognostic skin SST stheme has beentried with
the ECMWF atmosphericmodel [158; howewer, its e ect on weather forecastingand
four-dimensionaldata assimilation have yet to be fully examined. In Chapters4 and
6 of this thesisresults are presetied which shov somedegreeof successn modelling
the diurnal variability. The useof GOTM in this way can be viewed as providing a
dynamic obsenation operator H, becauseby modelling the diurnal cycle and provid-
ing good near surfaceresolution we are ableto quantify the transform from foundation
temperature to skin or sub-skintemperature. Howewer the modelled diurnal variability
is not without error. This error could be reducedby assimilatingthe obsenations into
the diurnal cycle at the correcttime and near surfacedepth. How this should best be
doneis an interesting problemin itself.

The extert of diurnal warming is predominately dependert on two key factors: sea
surfacewind speedsand the strength of the insolation, whosevariance at a given lo-
cation and time is largely determined by the cloud cover. As explainedin Sectionl1.5
strong insolation during daytime, under clear skies, causesa warm stable strati ed
layer to appear, but this near surfacewarming can easily be broken down in the pres-
enceof wind driven mixing. The uncertairties in theseforcing variables (cloud cover
and wind speed) thus cortribute to the uncertainty in the modelled diurnal warming
estimates. Unfortunately in NWP there is not a single, simple law which governsthe
formation of cloud and thusit is very di cult to parameteriseand is a major sourceof
uncertainty in model predictions. For example,Groismanet al [49] explicitly highlights
cloud cover "asoneof the major trouble spots' of cloud parameterisation. Assumptions
with respectto distributions of cloud cover throughout the atmospherecansigni cantly
a ect the energybudget [56]. Wind speedsare alsovery di cult to assessn weather

forecasting, particularly at low (< 3ms ) and high (> 20ms 1) valueswhere obser-
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vational comparisonsare di cult and errors vary for di erent regionsand time scales
[17]. In diurnal cycle modelling the high valuesare not of concernas no diurnal signal
forms at high wind speeds;howewer, the diurnal warming is very sensitive to slight
changesin wind speedsat the low values. The wind speed,w, is important because
wind stressincreasesroughly asw?’ and mixed layer deegening with w* [97]. There-
fore evenslight biasesin NWP seasurfacewind speedscanleadto systematicerrorsin
oceancirculation modelsthat are forcedby thesewinds [17]. Wind speedsof lessthan
5ms ! accoun for nearly 40% of global hourly averagedwinds [125]. Weak winds are
conceftrated in the tropics and sub-tropicswherethe majority of oceanto atmosphere
heat ux occursand shifts in their patterns a ect the global heat ux balance[125].

SST obsenations over the day canprovide additional information asto the correct-
nessof the modelled estimate of the warming. To bring the model projection closer
to the obsenations the forcing data over the time period will needto be adjusted. As
explainedabove the magnitude of diurnal warming is primarily a responseto the wind
speedsand the cloud cover. The method deweloped here therefore judiciously seeks
to adjust the wind speedsand cloud forcing, within feasibleerror bounds,in order to
better t the modelled SST to the obsenations recordedover the day. The modelled
SST at obsenation depth, ,ws, can be described as a non linear function of cloud
cover, n, and wind speed,w,

Z0bs = Z0bs (n, W) . (71)

The problem canthen be stated as nding valuesof n and w sud that
Z0bs obs (72)

is minimised. In other words to nd optimal valuesof n and w that will bring the

modelled SST trajectory as closeto the SST obsenations as possible.

7.3 The Data Assimilation Metho d

This section descrites an assimilation algorithm for nding a solution to the above

outlined problem.
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7.3.1 Overview

A forcing parameter pair ( o; g) assaiated with adjustmerts to the wind speed, w,
and cloud cover, n, is introducedand its value tuned over eat 24 hour window. Five
model realisationsare required over the time window. To start with, the parameters
are set at zeroand the wind speedsand cloud cover valuesare derived from ECMWF
6 hourly forecasts. A further model run is performedin which g is perturbed. The
results of these simulations are used to calculate local gradiert information. This
gradiert information is then usedto nd an optimal' g parameterthat will minimise
the model-obseration SST di erences over the time window. With the rst “optimal'
parameter found, two further model runs are performed in order to determine the
sensitivity to the parameter ,, and its “optimal' value determined. The nal model
simulation usesthe two "optimal’ parameters. The "best' model run is then chosenas

the analysisfor that 24 hour period.

7.3.2 The Algorithm

The modelled SST at the top grid level, 159, canbe viewed as a function of fractional

cloud cover, n, and the wind speedforcing, w = P uz + v2,

150 = 150(N; W): (7.3)

Parameters 5 and g areintroduced

N= Nopst a; (7-4)
w = (1+ B)\C/I\/obs; (7.5)
= (1+ B) Udyst Vs (7.6)

Theseparametersremain xed over eat 24 hour time window, although the obsened
forcing data: neps, Uops, @and Vops changeevery 6 hours. Note that the cloud correction
usesabsoluteerrors, whereasthe wind correction usesrelative errors. This is because
an absolute correctionto w is not possiblebecausethe correctionis performedon the

componerts Uqps, Vobs: AlSO a relative error correctionto the cloud eld is not desirable
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becauseof the strong cloud limits, seeEquations(7.10) and (7.11). The SST can now

be viewed as a function of the parameters

150 = 150( A; B): (7.7)

The obsened forcing data, nqps, is obtained by usingthe 6 hourly integrated ECMWF
forecastSWR in Equation (6.2), and the ugys and vgps are the 6 hourly mean10m wind
speed componerts from the ECMWF forecasts. The model is initialised to FOAM
seatemperature and salinity pro les at the start of eat 24 hour time window. In
addition daily OSTIA values are assimilatedinto the near surface, by adjusting the
FOAM mixed layer temperaturesusing the method descrited in Section5.4.2.

We now de ne a costfunction J = J ( a; B) @S
X
J = model obs : (78)

whereN is the number of obsenations over the 24 hour window. If Jo = J(0;0)< 0
then on averagethe SST obsenations are higher than the model and therefore, to
increasethe sizeof the diurnal cycle, cloud cover and wind speedsneedto be reduced
(A, B < 0). On the other hand if Jo > 0 then the modelled SST is generally greater
than the obsenations andthe diurnal cycleneedso bereducedandthis canbe achieved
by increasingcloud cover and wind speeds( A, g > 0).

The data assimilation problem can now be stated as follows.

An “optimal' parameter pair ( 5; g) iS soughtsuchthat for all feasible( A; g)

J9Cas 8)l 13(a; B! (7.9)

It is possiblethat an increasein cloud cover and a decreasein wind speedsand
vice versacould provide the desirede ect. In this scenariothe e ects of changesin
wind speedand cloud cover on the SST would to someextert cancelead other out.
Becausehe whole parameterspaceis not sampledand additional information, sud as
independer obsenations of cloud or wind, are not used,thesepossibilitiesare excluded

in the interests of simplicity. The feasibleparameterrangeis thereforede ned in two
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quadrarts:

0< A 1;
(7.10)
0< g <3
if Jo> 0and
1 <0
A (7.11)
1< B < 0,

if Jo < 0. In the trivial casewhereJy = 0the optimal parametersare (0; 0). The choice
of parameterrangeis (where possible)basedon physicalassumptions.The rangefor A
is thereforethe maximum and minimum possiblechangeto n,,s. Becausdour di erent
Nops Valuesare given over a 24 hour period a ched is made on ead to ensurethat n
lies within one and zero, i.e. can not take the cloud cover value beyond total cloud
cover and below the clear sky value. The parameter g is not permitted to changethe
wind direction, only the magnitude. The upper bound on g is more uncertain, the
value of 3 wasinitially chosen,which allows a 300%increasein the wind speeds.When
consideringthe very low wind speed values assaiated with strong diurnal warming
this upper limit is plausible. It was assumedthat for high wind speedsa perturbed
increasewill not producemuch changein SST on diurnal time scalesand thereforethe
sensitivity will be too small to make a correction within the limits, thus no correction
is made. This therefore provides a natural upper bound on unwanted changesin large
wind speeds.

The solution procedureusedfor solving problem (7.9) is outlined below.
STEP 1
Run the model forward over the time window t 2 [0; T], where T = 24 hours, with
( a; B8) = (0;0) and evaluate J, = J (0; 0) over the period.
STEP 2
Restart at t = 0 and run the model over the time window again, this time the wind

parameter, g, is perturbed

(as8)=(0; B,); (7.12)
where 8
S 025 ifJy>0
By = . (7.13)

0:25 otherwise
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represeting a 25% changein the wind speedforcing. The cost function J(0; g,) is
ewvaluated over the period. Then estimate the sensitivity or local gradiert of Jo with

respectto g,
@o JO; B,) Jo.
@B B1 .

(7.14)

STEP 3
Assuming the cost function J(0; g) varies linearly within the feasible g parameter

range (Equation (7.10) or (7.11)) we are able to construct the line

@o

J©; g) = @ ¢t Jo (7.15)
and determine an “optimal' value
@ N _
5T @s feamin . jJJO; B)] Jo (7.16)

The aim is to choose J(0; g) as small as possible without taking the line, Equa-
tion (7.15), outsidethe feasiblelimits setin Equation (7.10)or (7.11). This is calculated
through an iterativ e process:

@,

ol 0 e J (7.17)

k —
B =

JO; g)¥=J, K (7.18)

and if Jo < 0then
JO; 8)=Jo+ k; (7.19)

wherethe stepsizefor J, ,ischosenas0:05 C. This allowsJ(0; g)* to beewaluatedto
within 0:05 C. At ead iteration & (Equation (7.17)) is determinedand a calculation
madeto ascertainwhether this value lies outside the feasiblerange, Equations (7.10)
or (7.11). The iteration loop endswhenJ (0; g) reaceszero,or alternatively when §
no longer falls within the trust region. At this stagethe minimum jJ(0; g)j is known
and the optimal parameter, g, is determined using Equation (7.16). An exampleis

shown in Figure 7.1.
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Figure 7.1: A sketchshowingan exampleof how the line, Equation (7.15), lies within
the feasiblelimits (in this case0 < g < 3) and the "optimal' parameter g is deter-

mined.

STEP 4
Two further model runs at performedwith ( a; 8) = (0; g) and ( a; 8) = (ays 8)
where 8
<01 ifJ>0
M 0:1 otherwise (7:20)
represeting a 1=10 incremert in cloud cover. Using the methods of step 2 and 3 a
local gradiert %;B) is determined and the “optimal' parameter , is calculated.
STEP 5
The model is run over the time window for a fth and nal time using the calculated
pair ( ,; g) andthe costfunction evaluated. The bestmodel run (that which produced
the smallestcostfunction value) is then chosenasthe nal analysis. This is expectedto
befrom the calculatedoptimal parameters,but aspreviousmodel output is temporarily
stored a quick and easycomparisonis madeto the cost function valuesfrom previous

model runs. This whole processis then repeatedfor eat 24 hour period of interest.
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7.3.3 Justi cation

The assumptionin this method is that J varieslinearly with respect to the parameters
( a; B) within the feasiblelimits. The validity of this assumptionis very di cult to
test thoroughly becauseof the enormousrange of conditions. Howewer, an example
of a “typical' scenariois given in Figure 7.2. In these graphsit is shovn that to
good appraximation J doesvary linearly within the feasibleparameterlimits, given by
Equations (7.10) and (7.11).

6 , 4

6.5

7.5

0
Je,0),°C

8.5

9.5 : 12 : : :
1 0 1 1 0 1 2 3
eA
Figure 7.2: The variability of the cost function to changesn the parameters 5 and g

for a “typical' day.

The sequetial processof optimising the parametersin turn, steps2 to 4, could be
continued in a cycle by reewaluating the optimal parametersin turn until convergence.
However, in the interestsof saving time this sequencaes truncated after the rst cycle.

The implemertation described above was chosenbecauseof its low computer re-
sourcerequiremens. The method is relatively cheap comparedto more sophisticated
approadies and therefore the implemenation of the algorithm over a larger areais

possible. A more standard data assimilation approad is to use the least squares

121



cost function, Equation (5.3) in Section5.2. Minimising this producesthe maximum
likelihood estimate which for random, unbiased, Gaussianobsenations is a minimum
variance estimate. For this particular problem the cost function could be adapted to
include the constraints. For example

) obs 2
I i

X
J(a;B)= 2

i=1

flog( A+ 1)+ log(l a)+log(s+ 1)+ log(3 )] (7.21)

could be minimised with respectto the parameters( »; g; ). Standardtechniquesfor
solving sudh a non-linear optimisation problem canbe found in [46]. Howewer it should
be noted that there is no explicit expressionfor the gradiert of J with respectto the
cortrol variables. This thereforeneedsto be estimated rst. The valueis then usedin
a descen algorithm to nd new cortrol parameterswhich make the costfunction move
towardsits minimum. Ead estimation of the gradiert and iteration in the optimisation
algorithm requiresan ewaluation of J which can only be found by running the model
over the time window. A more advancedmethod, sud asthis, may not be warranted
and the increasedcomputational time required would needto be justi ed beforebeing

implemerted.

7.4 Results

This new algorithm was rst tested with SEVIRI obsenations in the sameregion
usedin Section6.5( 45 Nto 25 N in latitude and 300 E to 330 E in longitude).
SeeFigure 7.9 which shows the region. The simulation was performed from 15{7t™
January 2006;this thereforerequired seven consecutie 24 hour assimilation cyclesfor

ead location.

7.4.1 Initial Findings

Various implemertations of the algorithm in Section 7.3.2 were initially tested, these

include:
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. Control

Step 1 only, the parameters, o and g, are setto zero.

. Wind Only
Hereonly the wind valueis correctedthus only the parameter g istuned. There-

fore step 4 is not required.

. Cloud Only

As above exceptcloud cover rather than wind speedis corrected.

. Wind then Cloud
The wind speed value is corrected rst followed the cloud value as originally
descriked.

. Cloud then Wind
As above except the cloud cover correction is determined rst followed by the

wind speedcorrection.

. Wind and Cloud
In this approad the wind and cloud parametersare determined together. To
nd an “optimal' parameter pair a rst order Taylor expansionof two variables

is used

@( a; B)+ @( a; 8).
@ @

By choosing( a; 8) = (0;0)and ( a; )= (a; ), anddenotingS, = 3¢

J(a+ Ayt B)=J(ArB)*Y A (7.22)

and Sg = %", Equation (7.22) can be rearrangedas

Sa J Jo
= — A+ : 7.23
B s, s, (7.23)

This is an equation of a straight line in parameter space( »; g). If a value
for J = J( a; B) is chosensud that 0 jJj  jJoj then an equation in two
unknowns ( o and ) results, reducing the problem to two degreesof freedom.
As before an iteration reducesJ and chedks whether the line, Equation (7.23),

falls within the trust region. When J readeszeroor the line movesoutside the
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trust region the optimal parameters,( ,; g), are then chosenas the mid-point
of the line, Equation (7.23), within the trust region, Equation (7.10) or (7.11).
This is shown in Figure 7.3.

6
@
@
@
@
@)
@
B @@
1 @
@ = A
A @ 1
@
@@
1 @
@
@

Figure 7.3: A sketchof the parameterspace ( a; ) With "optimal' parameters( »; g)

chosenas the mid-point of the portion of the line within the feasiblelimits.

Resultsfrom thesedi erent implementations of the data assimilation algorithm are
givenin Table 7.1.

It canbe seenthat the meandi erences are low in all casesgxceptthe cloud only
run, indicating no signi cant bias. The RMS di erencesarereducedby the assimilation
in all caseswith the greatestreduction (0:19 C) occurringin the wind then cloud case.
This is an improvemen of 35% and shows that the assimilation provides much better
SST estimatesthan the cortrol, although the meanerror is slightly worse. On a few
occasionsa correction from the assimilation causedthe model to becomeunstable,
therefore the numbers in parerthesis shav results calculated only at locations and
days simulated in all cases. The wind followed by cloud correction performs better

than the cloud then wind correction, this is becausehe SSTis found to have a greater
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Mean RMS STD

Cortrol 0.02(0.02) | 0.55(0.57) | 0.55(0.55)
Cloud Only 0:16( 0:16) | 0.47(0.47) | 0.44(0.44)
wind Only 0.01(0.01) | 0.42(0.42) | 0.42(0.42)

Cloud then Wind | 0:02( 0:02) | 0.39(0.39) | 0.39(0.39)
Wind then Cloud | 0:06( 0:06) | 0.36(0.36) | 0.36(0.36)
Wind and Cloud | 0:02( 0:02) | 0.40(0.40) | 0.40(0.40)

Table 7.1: Results showingthe mean, RMS, and STD of g.015m sevirl » In C,
for thearea 45 N to 25 N and 300 E to 330 E during 134{ 7" January 2006.
The numkbersin parenthesiscompare only thoseresultscalculated at locations and days

simulatad in each case.

sensitivity to changesin wind than changesin the cloud cover. For example,if the
cloud correction is made rst then the smaller sensitivity will lead to unreasonably
large changesin cloud cover to provide the SST change,whereasf the cloud correction
is made after a wind correction then the remaining change neededin modelled SST
is much smaller and so the lesssensitive cloud cover parameteris suitable. The most

e ective method is to tune rst the wind speedsand then the cloud cover.

7.4.2 Combining IR and MW Observ ations

The SEVIRI obsenations are IR measuremets and therefore are unable to penetrate
through clouds. This additional information can be usedin the assimilation routine.
The proximity con dence values chosenfor this study (see Section 6.3) suggestSE-
VIRI data are far from any clouds. Thereforeif an IR obsenation is available then the
cloud cover value at this time must be zero,i.e. clear sky. BecauseR radiometersare
unable to view through cloud there are many occasionswhere SST obsenations are
absen (roughly half the globe is thought to be coveredby cloud at any onetime [82))
and model output can not be constrained. In this sectionthe use of the assimilation

method is extendedto incorporate MW obsenations (from AMSRE and TMI). Where
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ewvaluating model-obseration di erences using IR measuremets, the comparisonis to
the parameterisedmodelled skin temperature (seeSection 3.5.9) whereasfor the MW
measuremets the comparisonis with the top modelled SST, at a depth of 0:015m,
without the cool skin e ect. Resultsfrom this improved method are preseited in Ta-
ble 7.2. Model output is comparedseparatelyto IR obsenations only and combined
IR and MW obsenations. The cortrol simulation makesno correctionsto the forcing
data. The cloud ched runs reducecloud cover to zeroin the presenceof IR obsena-
tions. The wind runs perform the cloud che followed by an adjustmert to the wind
speeds. Finally, the wind then cloud runs perform the cloud chedk then adjust wind

speedsfollowed by adjusting cloud cover values(in the presenceof MW obsenations

only).

Mean | RMS | STD
IR: cortrol 0:25| 0.62 | 0.57
IR and MW: cortrol 0.07 | 0.79 | 0.79
IR: cloud ched 0:25| 0.62 | 0.57
IR and MW: cloud ched 0.06 | 0.78 | 0.78
IR: wind 0:02| 0.34 | 0.33
IR and MW: wind 0.10 | 0.53 | 0.52
IR and MW: wind then cloud | 0.07 | 0.49 | 0.49

Table 7.2: Resultsshowingthe mean, RMS, and STD of el obs, IN C. For the
area 45 N to 25 N and 300 E to 330 E during 13{{ 7" January 2006.

It is noticeablethat with the inclusion of MW obsenations the mean di erences
increaseby 0:32 C in the control case. This switch in the bias indicates that, for this
area and time period at least, the IR obsenations are on averagewarmer than the
model and the MW obsenations are cooler than the model. With the inclusion of
MW obsenations the RMS errors have alsoincreased.The cloud chek seemdo have
had only a very slight in uence on the statistics; this may indicate that initial cloud

estimateswerealreadyzero,or low, in theseareasand thereforeno, or small, corrections
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were necessarylf the SST obsenations are then usedto adjust the wind forcing then
the errors are signi cantly reducedwith the RMS di erences falling to 0:34 C in the
IR caseand 0:53 C in the IR and MW case.This is further reducedwhena correction
is madeto cloud cover valuesat occasionswhen only MW obsenations are preser.
The resulting model-obseration di erences after assimilationmay now be approading
the expected accuracyof the obsenations with the standard deviations (STD) below
thosequotedin Table 6.1.

Figure 7.4 shavs an example of the results of the IR and MW: wind then cloud
assimilationrun. It canbe seenthat the model run is initialised to OSTIA at the start
of eath day. At this location no obsenations occurredduring the rst day (1%t January
2006). During the last two days a diurnal signalin the satellite obsenations canclearly
be marked out. The model cortrol appearsto under estimate the warming on these
occasions. Howewer earlier in the week the modelled diurnal warming estimatesare
much larger than obsenations seemto suggest.The data assimilation method reduces
the cloud, if necessaryin the presenceof SEVIRI obsenations, followed by a correction
to the wind speedforcing and then the cloud fractions (when SEVIRI obsenations are
not preser). The assimilation is able to reduce the modelled warming for days 2
through to 5, and increasethe diurnal warming on days 6 and 7, thus tting the
obsenations much more closely On day 2 and 5 the assimilation has not beenable
to reducethe warming as much asthe obsenations would suggest.In thesecaseshe
systemdoes not adhereto the assumptionsof the assimilation routine and thus the
assimilationis lesse ective.

In Figures7.5{ 7.8resultsfrom neighbouring locationsare shavn. The consistency
of the changesin modelled SST induced by the assimilation at thesenearhy locations
suggesthat the SSTcorrectionsare sensible. The changesproducedby the assimilation
run are calculatedindependerly at ead location. In Figure 7.5( 29 N, 315 E) the
results are almost idertical exceptthe warming on day 3 is not reducedas much as
previously Further southin Figure7.6( 29 N, 315 E) only oneobsenation is presen
on day 2 and this causesa larger diurnal cycle, againstthe trend at nearby locations.
Onday 7at ( 29 N, 315 E) and( 30 N, 314 E) the obsenations suggesthe diurnal
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Figure 7.4: A graph comparing the model SST before and after assimilation with the in-
dividual satelite observationsand OSTIA at ( 30 N, 315 E) for the 13{{ 7" January
2006.

warming is closeto that estimatedby the control, unlike the other locationswherethe
cortrol is deemedan under estimation. At ( 30 N, 314 E) in Figure 7.8 on day 5
OSTIA shavs a warm bias comparedto the obsenations and this is likely the causeof

the assimilation run to fail at this point.

7.4.3 Spatial Patterns

The estimatesof the diurnal warming of SSTscan also be viewed spatially over the
whole area. Theseresults are shovn in Figure 7.9. In this gure the plots in the
left column show the diurnal warming before assimilation and the plots in the right
column after assimilation. The progressdown the column displays how the diurnal
warming pattern ewlvesover time, day by day. The white triangle in the top left hand
corner is the coast of South America. Generally speaking the assimilation seemsto

have wealenedthe diurnal signalin areasof strong modelled diurnal warming. Areas
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Figure 7.5: A graph comparing the model SST before and after assimilation with the in-
dividual satelite observationsand OSTIA at ( 29 N, 315 E) for the 13{{ 7" January
2006.
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Figure 7.6: A graph comparing the model SST before and after assimilation with the in-
dividual satelite observationsand OSTIA at ( 31 N, 315 E) for the 13{{ 7" January
2006.
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Figure 7.7: A graph comparing the model SST before and after assimilation with the in-
dividual satelite observationsand OSTIA at ( 30 N, 316 E) for the 13{{ 7" January
2006.
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Figure 7.8: A graph comparing the model SST before and after assimilation with the in-
dividual satelite observationsand OSTIA at ( 30 N, 314 E) for the 13{{ 7" January
2006.
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wherethe assimilation hasincreasedwarming can alsobe seen,particularly on the 6%

and 7" of January 2006. The patch of warming occurring on the 6" January 2006
appearslessintense and more spreadout after the assimilation. On the 7" January
the modelled estimatesbeforeassimilation shov two separatepatchesof strong diurnal

warming. After assimilationthe warming in the north-easterncorneragainappearsless
intensi ed and seemgo spreadtowards the coast. The other patch of strong warming
is shavn to have moved much further to the south-west. The assimilation only works
at locations where obsenations are present. Theseareasare iderti ed in Figure 7.10;
this gure is idertical to Figure 7.9 exceptthe white patchesin the right columnsare
areaswhere no satellite obsenations were available, and on these occasionsthe initial

model estimatesremainedunchanged.

The changesto the forcing can be viewed in Figures7.11and 7.12. The daily aver-
agedwind stressis changedby adjustmerts to the wind speedsin the assimilation and
the daily peak SWR will be a ected by adjustmerts to cloud cover in the assimilation.
What is immediately noticeablein thesegraphsare the lesssmaoth elds after assimi-
lation. This is a consequencef using 1-D models, while the initial elds are provided
from a global 3-D atmosphericmodel, the adjustmerts to the wind elds and cloud
cover distributions are determinedindependerly at individual locations. Sud changes
would normally be smaoothed horizortally and the information spreadfrom areashigh
in obsenations to areaswith low obsenation densities. Howewer, diurnal warming is
an irregular feature becauseit is susceptibleto patchesof cloud cover and ne scale

wind bursts. Thereforeit would not necessarilybe desirableto smooth these elds.

7.4.4 Comparing Dieren t Satellite Observ ations

Further analysiswas also performedto assesshe relative errors assaiated with indi-
vidual obsenation typesand theseare presened in Table 7.3.

A similar number of SEVIRI and AMSRE obsenations are available over the time
period in this area, with fewer TMI obsenations. The model-obseration match-ups
reveal di erences betweenthe three satellite instruments. The SEVIRI obsenations

are showvn to be on averagewarmer than the parameterisedskin temperature, whereas
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Figure 7.9: The mapsin the left column show modelled diurnal warming estimates
before data assimilation and the thosein the right column diurnal warming estimates
after assimilation (valuesin C). The maps down the columns represent sucessive

daysfrom 1%t to the 7" January 2006.
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Figure 7.10: The mapsin the left column showmodelled diurnal warming estimates
before data assimilation and the thosein the right column diurnal warming estimates
after assimilation (valuesare only shownwhele satelite SST observationswere avail-
able). The mapsdownthe columnsrepresentsuaessivedaysfrom 1t to the 7" January
2006.
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Figure 7.11: The mapsin the left column showthe daily mean wind stressbefore data
assimilation and the thosein the right column are after assimilation (valuesin Nm 2).

The mapsdownthe columnsrepresentsuaessivedaysfrom 15t to the 7" January 2006.
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Figure 7.12: The mapsin the left column showdaily peak SWR before data assimilation
and the thosein the right column are after assimilation (valuesin Wm 2). The maps

down the columns representsu@essivedaysfrom 13 to the 7" January 2006.

135



No. Obs. | Mean | RMS | STD
SEVIRI only 2343 0:25| 0.62 | 0.57
AMSRE only 2220 0.20 | 0.80 | 0.77
TMI only 1532 0.37 | 098 | 0.91

Table 7.3: Resultsshowingthe numker of observations,the mean, RMS, and STD of
control  obs, IN C, for individual satelite types. For thearea 45 N to 25 N and
300 E to 330 E during 15t{7"" January 2006.

the AMSRE and TMI obsenations are cooler on averagethan the modelled SST. This
suggeststhat the obsenations have somesystematic errors in this areaat this time,
with SEVIRI SST systematically too warm and/or AMSRE and TMI obsenations
systematically too cool. The model could also have a warm bias and be estimating
too great a cool skin correction. This seemsunlikely as the parameterisedcool skin
correction for this period was on average0:15 C, i.e. smaller than the SEVIRI only
meandi erence. The model simulations are dependernt onthe OSTIA SST at the start
of ead day; thereforeany errorsin OSTIA will alsobe apparert (seeSection7.4.6).
The RMS and STD are signi cantly lower when comparing SEVIRI obsenations with
either AMSRE or TMI. The largesterrorsare found with the TMI obsenations, where

the RMS error approadiesl C.

7.4.5 Day-Nigh t Comparisons

Di erences in night time (betweenthe hours 22:00{04:00local time) and daytime (be-
tweenthe hours 10:00{16:00local time) match-ups were also compared. The results
shavn in Table 7.4 indicate much larger mean di erences during daytime. It looks
likely that the model is over estimating the diurnal warming signal. An alternative
explanation could be that the retrieval algorithms have inadvertertly suppressedhe
true warming signal. The RMS and STD di erences remain similar for both day and

night.
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No. Obs. | Mean | RMS | STD
daytime 2799 0.14 | 0.53 | 0.51
night time 1365 0.00 | 0.50 | 0.50

Table 7.4: Resultsshowingthe numker of observations,the mean, RMS, and STD of
analysis obs, IN C, during daytime (10{16) and night time (22{04) local time. For
thearea 45 N to 25 N and 300 E to 330 E during 15{ 7" January 2006.

7.4.6 Comparisons to OSTIA

To further determinewhetherthe biasesare dueto model or obsenations the individual

satellite obsenations were also comparedto the OSTIA value.

No. Obs. | Mean | RMS | STD

SEVIRI only 2525 0:22| 0.56 | 0.51
AMSRE only 2256 0:08| 0.70 | 0.69
TMI only 1532 0:20| 0.87 | 0.84
all obs 6333 0:17| 0.69 | 0.67
daytime SEVIRI only 721 051 | 0.76 | 0.56
daytime AMSRE only 1249 0:29| 0.77 | 0.71
daytime TMI only 1345 0:22| 0.89 | 0.86
daytime all obs 3315 0:31| 0.82 | 0.76

night time SEVIRI only 535 0.06 | 0.38 | 0.37
night time AMSRE only 1003 0.19 | 0.59 | 0.56
night time TMI only 0 { { {

night time all obs 1538 0.14 | 053 | 0.51

Table 7.5: Results showingthe numker of observations,the mean, RMS, and STD of
osTIA  obs, IN C, including daytime (10{16) and night time (22{04) local time. For
thearea 45 N to 25 N and 300 E to 330 E during 15{ 7" January 2006.

The results shovn in Table 7.5 reveal that SEVIRI hasthe largestbias but small-
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est RMS di erence of the three instruments when comparedto OSTIA. The biases
are all negative for daytime obsenations and all positive for night time obsenations.
Howewer, the daytime biasesare larger and when comparing all 6333 obsenations a
biasof 0:17 C is found. Indicating the satellite obsenations on averageare warmer
than OSTIA. The sharp di erence in day and night time mean valuesdemonstrates
the presenceof diurnal signalsin the daytime obsenations. OSTIA is the meanvalue
of theseobsenations, as well as others, and so the expectation is that the bias would
be small. In this match-up all obsenations are included whereasOSTIA is formed
by eliminating daytime obsenations taken with wind speedslessthan 6ms 1. These
additional obsenations are therefore cortributing to the slight cool bias in OSTIA.
Comparingresultsin Tables7.5,7.4,and 7.2 indicatesthat the modelled cortrol sim-
ulation resultsin a smallermeanerror than OSTIA, but producesslightly larger RMS
and STD errorsthan OSTIA. Howe\er after data assimilation of the L2P satellite data
the analysisis a much better represetation of the obsened SSTswith reducedmean,
RMS, and STD. For examplemoving from the persistenceassumptionof OSTIA to

assimilating into the diurnal cycle model reducedthe RMS error by 0:2 C.

7.4.7 Using Satellite Wind Measuremen ts

The AMSRE and TMI instruments alsomeasurewind speedsand this data is provided
with the GHRSST-PP L2P products. Theseobsenations when available may provide
an improvemen on the ECMWEF forecastwinds. Therefore model simulations were
performedin which the satellite wind measuremets were usedfor the 6 hour periods
whenavailable. The model requiresthe wind componerts u and v and sothe ECMWF
values were adjusted by the samefactor so that w = P uZ + v2 was made equal to
the satellite derived value. This model (control) simulation resulted in an improved
mean model-obserations SST di erence of 0:17 C and a similar RMS di erence of
0:78 C when comparedto resultsusing ECMWF winds only (seelR and MW: cortrol
in Table 7.2).

The availability of thesesatellite wind measuremets also allows for a comparison

to be made betweenthe original ECMWF wind valuesand the correctedwind values
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after the assimilation. Theseresults are preserted in Table 7.6.

No. Obs. Mean RMS STD
ECMWF-AMSRE | 2009(1635) | 0:07 ( 0:12) | 1.76(1.72) | 1.76(1.71)
ASSIM-AMSRE 1635 0:23 2.74 2.73
ECMWF-TMI 1278(1212) | 0:49( 0:49) | 1.68(1.60) | 1.61(1.52)
ASSIM-TMI 1212 0:45 2.57 2.53
ECMWF-ALL 3287(2847)| 0:23( 0:28) | 1.73(1.67) | 1.71(1.64)
assim-ALL 2847 0:33 2.67 2.65

Table 7.6: Results comparing the ECMWF forecast wind speeds before and after as-
similation to the AMSRE and TMI wind measurementsshowingthe numter of obser-
vations, the mean, the RMS, and STD dier enesin ms 2. For thearea 45 N to

25 N and 300 E to 330 E during 18Y{ 7" January 2006. The numkersin parenthesis
are calculations only at the locations and times whenwind speeds are corrected in the

assimilation.

The resultsin Table 7.6 reveal that the satellite measuredwinds, particularly from
TMI, are slightly strongerthan the ECMWEF forecastedvalues. The RMS di erences
betweenthe ECMWF winds and all the satellite derived winds is 1:73ms 1. After the
ECMWF winds have been correctedin the assimilation processthe RMS is approx-
imately increasedby 1ms ! in all cases. Howewer the resulting error is just outside
the quoted missionaccuracyof the AMSRE product (1 ms 1) [79], although validation

against buoy and scatterometerdata at very low wind speedsis particularly di cult

[79.

7.5 Summary

In this chapter a data assimilationmethod hasbeendewelopedthat assimilatessatellite
derived SST obsenationsinto a diurnal cyclemodel. It is proposedthat model errorsin
diurnal warming estimatesare primarily causedby uncertairties in NWP forcing data.

Other sourcesf errors, sud aserrorsin model parameterisationsand incorrect vertical
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structure after assimilation of OSTIA data are addressedearlierin the thesis. It is also
noted that the sourcesof modelled diurnal warming errorswereslightly di erent at the

mooring sites (seeChapters4 and 5); for example,at theselocationsthe forcing wind

speedobsenations were known to a high degreeof accuracyand were not considered
a major sourceof uncertainty.

The diurnal variability of SSTscanbe viewed asa function of wind speedsand frac-
tional cloud cover. Obsenations from SEVIRI, AMSRE, and TMI occurring through-
out the day are comparedto their modelled equivalert. The resulting di erences are
then reducedby making mean correctionsto the forcing wind speedsand cloud cover.
This tuning of the forcing is shown to result in modelled SST estimatesthat resentle
available obsenations much more closely The assimilation method could be viewed as
smoothing and interpolating the satellite SST obsenations in an intelligent manner.
The method is shown, for example,to t the obsenations better than OSTIA which
usesa daily persistenceassumption. In correcting wind speedand cloud cover values,
within uncertainty bounds, it alsoattempts to give a better balancebetweenthermal
and dynamical elds.

The method descriked here could now be implemerted on a much wider scaleto
build up a detailed real time picture of diurnal warming acrossthe world's oceans.
The distribution and magnitude of diurnal signals are still relatively unknown and
this technique of merging obsenations with a diurnal cycle model could be usedto
improve this situation. Another application could be to usethis technique to calculate
foundation temperatures. For examplethe method could be usedto re-calculatethe
OSTIA product. In using more of the data (i.e. daytime obsenations in low wind
speeds)and actually calculating the foundation temperature (the temperature from
which a diurnal cycle dewelops) an increasein accuracy could be realised. It is also
showvn how thereis scopeto improve on the techniquesdeweloped; this could be achieved
by implemerting a more sophisticated assimilation routine, using a 3-D model with
horizontal correlations,and improving our understandingof errors assaiated with the

di erent satellite data typesand model estimates.
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Chapter 8

Conclusions

8.1 Thesis Summary

Accurate knowledgeof SSTis extremelyimportant for oceanand atmosphericsciences,
perhapsmost crucially for its certral role in air-sea ux calculations. The diurnal cy-
cle is a fundamertal mode of the climate systemand much evidenceis presered in
Chapter 1 to shov how the diurnal variability of SST hasimpacts on longertimescales.
Awarenessof the diurnal cycle is also shovn to be essetial in accurately interpret-
ing satellite derived obsenations of the SST. In order for satellite SST data to be
compatible with the historical climate record of bulk SST, any temperature gradierts
betweenthe depth of traditional in-situ samplersand the near surfaceof satellite de-
rived measuremets must be accourted for. The magnitude of diurnal thermoclines
are signi cant given the accuracythat SST recordsaspireto. Consideration of the
timing and depth of SST obsenations in relation to modelled courterparts is therefore
required for a more careful approad to assimilating SST data.

The GOTM, a one-dimensionalmixed layer ocean model, is usedto study and
estimatethe diurnal variability of the upper ocean. One-dimensionaimodelsare useful
for this type of study as they can be employed with an adequate ne near surface
spatial resolution and temporal resolution to capture diurnal variability. As explained
in Chapter 2 the model explicitly resolesor parameteriseghe fundamertal processes

involved in the dewelopmer of the diurnal cycle of SSTs. The systemequationsand
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details of the mixing schemeare documerted.

Diurnal strati cation is driven by solar radiative warming of the upper ocean. The
penetration of SWR into the oceanis an important concept for diurnal cycle mod-
elling. Many parameterisationsexist that attempt to resole the amourt of ocean
radiant heating at depth; these are outlined in Chapter 3. Howewer only the most
advanced methods should be usedfor modelling the diurnal cycle asit is important
to resole solar transmissionvariations within the upper few metres. The parameter-
isation of air-sea uxes are also extremely important for accurately modelling diurnal
variability. The ability to measureair-sea uxes is limited; thereforetheir calculation
is dependent on parameterisationsusing commonly available meteorologicaldata. In
Chapter 3 a derivation of air-sea ux formulaeis given followed by a description of the
two algorithms tested in Chapter 4, of which the TOGA COARE method deweloped
by Fairall et al producedthe best results.

In Chapter 4 the model was tested at three mooring sitesin di erent parts of the
world. Variousaspectsof upper oceanvariability wereexamined. The modelwasshaovn
to have very good accuracyin estimating SSTsover the obsened time-series. The key
sourcesof error were iderti ed, thesewere advection ewerts, which are not accourted
for in 1-D models, and uncertainty in cloud cover values. Analysis is presened which
shows that the SSTsare sensitive to changesin cloud cover on diurnal and longer
timescalesand therefore knowledge of this parameteris deemedyvital. Estimates of
diurnal variability were not signi cantly changedwhen model forcing was reducedto
6 hourly meanvalues,highlighting the possibleuseof NWP elds for diurnal warming
estimates.

In Chapter 5 the generaldata assimilation problem is formulated, where obsena-
tions are usedtogether with a numerical model to produce an estimate of the state
of the system. A detailed review is then presenied of the use of such methods for
the speci ¢ purposesof assimilating SSTs. It is found that SST data assimilation is
perhapsan underde\eloped area;di culties arisein distributing information from the
surfaceinto the deeper ocean,accouring for diurnal warming errors, and in adjusting

this prognostic variable in a non disruptive manner. Various di erent approadesto
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the SST assimilation problem were experimerted with at the mooring sites. One sut
sthemeassimilatedthe SSTincremert by correcting all temperatureswithin the mixed
layer. More novel approates were also explored involving the use of an SST obser-
vation to estimate a cloud cover value. Howeer, it was often di cult to attribute an
SST error to a particular cause.A discussionwas alsopresened on the possibleuse of
comparingmodelled and obsened changesin SSTto determineerrorsin the modelled
mixed layer depth.

The useof the 1-D model is extendedby utilising operational forecastand analysis
data setsto initialise and force the simulations. Details are given on how the 6 hourly
resolution of the meteorologicaldata can be maximisedfor the purposesof modelling
the diurnal cycle. The estimation of diurnal warming was shavn to be sensitive to
the use of internal wave and wave breaking parameterisationsas well as the type of
boundary condition that was implemenrted. The best performing combination was to
usean internal wave mixing parameterisationbut not a wave breakingparameterisation
andto apply ux boundary conditionsfor the TKE and dissipationequation. To better
represeh heat ux and SST feedba&s the air-sea uxes are computed dynamically as
opposedto using prescribted values. The use of remotely sensedSeaWiFS chlorophyll
mapsis showvn to improve the parameterisation of solar absorption within the upper
ocean. A cluster of modelsis run at di erent locations and usedto produce diurnal
variability mapson a daily basisover wide areas. The possibility of producing accurate
diurnal variability maps,aspreseinted in Chapter 6, is a newand important tool for the
SST comnunity. Thesemaps can be utilised by identifying areasof diurnal warming
and agging obsenations taken in those areas,thereforereducing systematicerrorsin
obsenational products and assimilation systems.

In using operational data to force the diurnal cycle model, satellite derived obser-
vations of SSTscan be usedto constrain SST estimates. As satellite obsenations are
available at varioustimes throughout the day, and becausehey obsere a near surface
temperature, they are susceptibleto diurnal warming. Therefore these obsenations
can be assimilatedinto the diurnal cycle model. Unlike at the mooring sites, high

quality intensively obsened forcing data is not available and the use of NWP elds
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canleadto errorsin modelled diurnal warming estimatesas a result of incorrect wind
speedand cloud cover values. A new method is deweloped in Chapter 7 that usesthe
SST obsenations to derive corrections,within uncertainty bounds,to wind speedand
cloud cover values. This is the rst time SST data hasbeenassimilatedinto a diurnal
cyclemodel. Adjusting the forcing to be more consistet with the SST obsenations is
an original approad to the problem. Resultsare preseed which shov improvemerts
when using this assimilation algorithm. It is alsodemonstratedhow the method could

be implemerted on a global scale.

8.2 Main Findings

This thesis opened with an introduction to the subject of SST diurnal variability.
Topics that were addressedincluded, an explanation of the medanismsthat cause
warming, the in uence diurnal variability has on the ocean-atmospheresystem, and
its e ects on longer time scales,and the relevance of diurnal warming e ects for the
interpretation and assimilation of satellite derived SST measuremets. This exposition
highlighted areaswhere further researbh was neededand provided the motivation for
the speci ¢ aims of this thesis, aslaid out in Chapter 1. In this next sectionthe key

ndings from this thesis, in regardsto the stated aims, are asserbled and presened.

8.2.1 Mo delling the SST Diurnal Cycle

Progresshas been made in understanding and advancing the ability to numerically
model diurnal variability at the near surface. A widely used one-dimensionalmixed
layer model is optimised for the purposesof diurnal cycle modelling. State-of-the-art
parameterisationsfor air-sea ux and oceanradiant heating calculations are imple-
merted and utilised. The sensitivity of the magnitude of the modelled diurnal cycle,
in low wind speed conditions, to the use of internal wave mixing and wave breaking
parameterisations,as well as the selectionof surfaceboundary conditions, have been
elucidated. It is clearly demonstratedfor the rst time that accuratediurnal warming

estimates can be aciieved from model output forced with NWP data. A cluster of
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models were run over a wide range of locations and the results usedto produce daily
spatial maps of the diurnal warming signal in SST. This meshof models forced with
the ubiquitous NWP data hasthe poterntial to becomea very useful method, viz, in
idertifying areasof diurnal warming and quartifying diurnal signalsin obsenational
SST data.

8.2.2 An Observation Operator for Satellite Deriv ed SST

This thesis has highlighted the depth disparity between SST obsenations and their
model courterparts aswell asthe lack of model represetation of diurnal variability seen
in obsenations. In order to reduceerrorsin an assimilation procedurean obsenation
operator is neededto transform model variables of bulk temperaturesinto the skin
and sub-skintemperaturesof satellite derived SSTs. The reverseis true for producing
foundation SST obsenational products; for this caseSST obsenations “corrupted' by a
signalneedto be converted to the basetemperature from which the diurnal thermocline
has deweloped. It is demonstratedhow a 1-D model equipped with ne near surface
resolutionand diurnal forcing, asusedin this thesis,is an e ective dynamic obsenation

operator for the usesoutlined here.

8.2.3 Adv ancement of SST Data Assimilation

A literature review of SST data assimilation techniquescarried out in Chapter 5 high-
lights seeral shortcomingsin currert sthemes.Theseinclude the absenceof an obser-
vation operator to accour for diurnal signals,instabilities and disruptions causedby
adjusting prognosticvariables,a lack of vertical correlationsdueto a dearth of vertical
model resolution and uncertainty of how information cortent at the surfacecaninform
the sub-surfaceand an imbalancebetweenthermal and dynamical elds which reduces
the e ectivenessof the assimilation.

The model usedin this thesiscan be viewed and applied asan obsenation operator
in the data assimilation process,as indicated in the previous section. The model

attempts to resole obsenable scalesand therefore obsenations can be assimilated
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into the diurnal cycle. It is shovn how perfect correlations within the mixed layer
can be assumedso that night time SST obsenations can be usedto adjust all ocean
temperaturesin the mixed layer. To reducethe original causeof SST errors attempts
weremadeto accour for SST errorsby using SST obsenations to estimatecloud cover
values. It is alsoshovn how a comparisonbetween changesin modelled and obsened
SST could be usedto correct mixed layer depths diagnosedby the model. A new and
novel SST data assimilation method is deweloped for assimilating obsenations in time
over a day. Wind speedand cloud cover valuesare adjustedto induce diurnal warming
estimatescommensuratewith SST obsenations over the day. This method assimilates
obsenations into the diurnal cycle model. In correcting wind speedand cloud cover
values, within uncertainty bounds, it also attempts to give a better balancebetween
thermal and dynamical elds. This assimilation schemewas successfullyjdemonstrated
by usinga combination of infrared and microwave satellite SST obsenationsin an area
of the Atlantic Ocean. It is shovn how the sthemee ectively smoothesand interpolates
the obsenations over the diurnal cycle,thusreducingerrorsassaiated with persistence

assumptions.

8.2.4 Diurnal Variabilit y Maps

The progresspresetted in this thesis establishesa paradigm of how infrared and mi-
crowave satellite derived obsenations can be mergedwith diurnal modelling output
to produce diurnal variability maps. If implemerted on a wide scale, utilising NWP
elds and global satellite data sets, an accurate picture of the global day to day ex-
tent of diurnal warming could be built up. This type of information, on the diurnal
variability of SSTs,is vital for climate monitoring and for a better understanding of
ocean-atmospherenteraction. Researb reviewed in Chapter 1 indicated the in uence
of diurnal warming on longer timescales,and therefore these maps could be vital in

furthering our understandingof the ocean-atmosphereystem.
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8.3 Future Work

In answering the aims set out in Chapter 1 it is evidert that many open problems
remain and a number of interesting follow up questionshave arisen. In this nal
sectionsomeaveruesof future study are outlined.

The problem of how the diurnal cycle of SSTscan be incorporated into operational
modelsremainsa major issue. Huge computational requiremens are neededto run an
oceanor coupledGCM. Resolutionis improving all the time with advancesin computer
technology, but it will be sometime beforethe diurnal cycleis explicitly resohed. In
recen yearsse\eral approadheshave beenconsideredo try to mimic diurnal variability,
given the current vertical resolution of oceanGCMs.

Oneapproad recerly tried by Zengand Beljaars[158]wasto dewelop a prognostic
seasurfaceskin temperature sihemefor modelling and data assimilation. The sdheme
was implemerted into the ECMWF operational model and the skin SST is compared
to that measuredby the Geostationary Operational Environment Satellite (GOES).

Another proposaloriginally conceivd by McCulloch et al in 2004[81] and extended
by Sdiller and Godfrey in 2005[121]is to include an additional transiert model level
in the top grid box simulating a variable depth diurnal sub-layer. A one-dimensional
mixed layer model with 10m resolution and with the sub-layer simulates diurnal SSTs
closeto those obsened from the TOGA COARE with typical errors of about 0:1 C.
The impact of improved SSTson surfaceheat uxes is alsoshavn by couplingthe 1-D
mixed layer model with sub-layer, to an atmosphericboundary layer model.

A further approad is to dewelop empirical formulae to estimate the diurnal skin
SST basedon atmosphericconditions (e.g. wind and solar radiation). This has been
usedin modelling studies: for example, Wei et al [153 used a parameterisation by
Websteret al [151]to improve SST simulation in the westernPaci c. However, mostly
theseparameterisationshave beendeweloped for obsenational studies: Stuart-Menteth
et al [134 usedthe Kawai and Kawamura regressionmodel [6§ in a global study of
AVHRR diurnal warming patterns, Gentemann et al [42] deweloped a parameterisation

for interpreting diurnal signalsin AVHRR and TMI SST measuremets, and Nardelli
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et al [9]] usedthe parameterisation of Stuart-Menteth et al [137 in an attempt to
remove diurnal warm layer e ects from AVHRR daytime images.

It is uncertain which route will ultimately provide the bestresults, but it is antic-
ipated that this will be an active area of researt over the next few years. Because
diurnal warming has potertial e ects on climate phenomena,esgecially in the tropics
(seeChapter 1), it is essehal that coupledocean-atmospheranodels start to utilise
tools sudh as the transiernt sub-layer. The work from this thesis could inform and
lead to further improvemerts in thesevarious parameterisedapproates. Further im-
provemers would most certainly be achieved with careful assimilation of obsenations.
Further work would seekto implemen these sdhemestogether with the assimilation
method deweloped in this thesisto provide a robust operational approad to the prob-
lem. A thorough analysisof the impact of a diurnal schemeon climate modelling and
data assimilation is a worthy future task.

The limitation of empirical models,deweloped from regressioranalysisof SST obser-
vations, is that they have beenbasedon a particular type of obsenation in a particular
area. It is very dicult to dewlop a parameterisationthat capturesdiurnal warming
under all realistic conditions becauseof the complexnon-linearresponsesat play in the
ocean-atmosphereystem. The model deweloped in this thesis could be usedto create
a more universal diurnal warming parameterisation: di ering forcing scenarioscan be
simulated and the output analysedto further understandthe medanismsat play.

This thesis has demonstrateda new method of merging infrared and microwave
satellite SST data with diurnal cycle model output to provide estimatesof the diurnal
warming. The method was successfullytested for a weekat locationsin the southern
Atlantic Ocean. This methodology can now be implemerted on a global scaleover long
periods of time, providing a detailed databaseon the extent and variability of diurnal
warming. It is believed the analysisof results from this type of wider implemertation
would provide much neededquarti cation of diurnal warming at certain timesin spec-
i ed locationsand under a range of conditions. Further analysiscould also be carried
out into the suggestedchangesin the NWP air-sea uxes as a result of the changes

in SST and the corrections brought about by the assimilation algorithm. Other di-
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agnosticsof interest would include comparingthe mixed layer depths as estimated by
FOAM and GOTM.

The work carried out in this thesis could certainly form the basisof a more com-
prehensie systemthat could be deweloped for an operational certre producingan SST
product. The method deweloped here could be used purely for quartifying diurnal
warming estimatesat obsenation times. The removal of the diurnal warming signalin
SSTobsenationswould producemoreaccurateobsenational foundation SST products.
Further work would be neededto extend the method to include as many obsenation
typesasare available, but this would alsorequire additional computertime to manage
the increasein data input. As the systemdewelops,more insights into the likely errors
assaiated with individual obsenation typeswill emergeand a better accourt of error
statistics in the data assimilationprocesswill be needed.Further work on the likely as-
saciated errorsin modelleddiurnal warming estimateswhenforcedwith 6 hourly NWP
data would enablea better quarti cation of model error in the assimilation system.
Other improvemers could include implemerting a more advanced data assimilation
method as outlined in Section7.3.3, but this would require additional computer time
to run. Another improvemer could be to enmbed the 1-D vertical model into a 3-D
model. This type of implemenation would reduceerrors causedby advection and pro-
vide a more natural setting to include horizortal correlationsin the data assimilation,
but againwould require additional computer resources.

As discussedn Chapter 5 a key aim in the improvemen of SST data assimilation
methods is understanding how surfacefeaturesrelate to the deeper ocean. How can
an assimilation method translate surfacetemperature obsenations into information on
temperaturesat depth. It hasbeenclearly demonstratedhow surfaceobsenations can
be usedto make correctionsto temperatureswithin the mixed layer. In Section5.4.5an
idea of comparing modelled and obsened changesin SST in order to provide insight
on the depth of the mixed layer, was introduced. Further work into this possibility
could provide promising results. Oceantemperaturesat depth are not well known and
limited obsenations are available. ARGO oats are improving the situation; howe\er,

they are still sparselydistributed in comparisonto the size of the oceansof the world.
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