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Dankwoord

Als kind wilde ik graag weervrouw worden. Niet zo eentje die op tv kwam, maar
een weervrouw achter de schermen. Nu ik twintig jaar later mijn doctoraat aan het
KMI haal, is dat toch een beetje een kinderdroom die in vervulling gaat. Tijdens
mijn bachelor informatica spotte ik op een dag een klein berichtje op de KMI web-
site:“De eerste afgestudeerden van het nieuwe postgraduaat weer- en klimaatkunde
in Gent”. En meteen wist ik: “dat wil ik ook volgen!”. En zo pendelde ik na mijn
master nog een jaartje heen en weer tussen Leuven en Gent. Ik werkte mijn kennis
thermodynamica en differentiaalvergelijkingen bij, overleefde de uitdagende week
Atmospheric Modelling gegeven door Jean-François Geleyn en raakte heel erg
geboeid door Nils Gustafsson’s lessen over Data Assimilatie. En zo gebeurde het
dat ik op 1 augustus 2011 een mailtje kreeg van Piet dat er geld was vrijgekomen
voor data assimilatie onderzoek bij het KMI en op 12 september stortte ik mij op
mijn nieuwe avontuur.

Ik mocht me aansluiten bij de mannen van het ALADIN-team en leerde een
wereld kennen van koffiepauzes in het ALADIN-lokaal, tripjes naar ALADIN-
conferenties in mooie landen en begon er te knutselen aan mijn eigen stukje code
van het ALADIN weermodel. In 2012 kochten we tijdens de jaarlijkse ALADIN-
conferentie in Marrakesh zelfs een heuse ALADIN-lamp die nog steeds op het
bureau staat van onze ALADIN-leider en tevens mijn promotor, Piet. Samen met
Alex bezette ik de koor-bureau waar gespreksonderwerpen over verificatie of data
assimilatie steevast uitmondden in nieuwtjes over OrSeCante, Camerata, Arion
of Organum. Tijdens het weekend kon ik mijn boerderij-skills bijschaven tijdens
gezellige boardgame namiddagen met de collega’s. Na vier maanden werd het
ALADIN-team uitgebreid met een tweede vrouw (hoera!), en die stijgende trend
heeft zich sindsdien steeds verder gezet. De middagen verstreken met gezellige
lunchpauzes, eerst in gebouw B en nu in ons eigen ALADIN-lokaal, behalve wan-
neer de PI (pizza-index) overschreden wordt. Dan kan je ons terugvinden op het
gras in het weerpark tussen een hoop pizza’s.

Naast toffe thee- of colapauzes (nee, geen koffie voor mij), een deugddoend
ski-tripje en speelse boerderijweekends werd er natuurlijk ook hard gewerkt. En



ii

daarbij kon ik altijd rekenen op de hulp en goede raad van collega’s. Bij Daan en
Michiel kon ik steeds opnieuw (en opnieuw en opnieuw) aankloppen met compi-
latieproblemen of gekke cy38 intel-compiler-bugs. Alex voorzag geregeld nieuwe
R-snufjes om de verificatie te vergemakkelijken terwijl Steven al mijn UGent-
mysteries wist op te helderen. Béatrice zorgde ervoor dat ik me nooit zorgen moest
maken over prikklokken, vliegtuigtickets of hotelkamers en Rafiq won niet voor
niets een award voor zijn goede reviewwerk. Dankzij zijn feedback en geduldige
uitleg kon ik na drie jaar eindelijk die zo gegeerde, eerste paper publiceren en na-
dien ook deze thesis schrijven. Ook Piet vervulde zijn rol als promotor met glans
en hielp me steeds verder met zijn nieuwe ideeën, geduldige uitleg en overtuigende
verhaallijnen. Lesley’s komst verdubbelde het aantal leden van het data assimilatie
team en verdriedubbelde de motivatie en output. Tevens bracht ze heel wat nuttige
IT-tooltjes en debug-kennis met zich mee en zo konden we na maanden zwoegen
onze eerste radar-data assimileren. Dankzij Julie’s connecties bij de sterrenwacht
en in de GNSS COST-actie (met een heerlijk tripje naar een Bulgaarse badstad)
volgde even later ook de assimilatie van GNSS/GPS data. Toen de vochtproble-
men de strijd om onze bureau wonnen, kreeg ik onderdak in de klimaatbureau van
Rafiq en Rozemien. En zo ruilde ik de koor-babbeltjes in voor een lotgenote die net
als ik aan haar doctoraat begon te schrijven, zodat we elkaar steeds weer konden
motiveren of even ontspannen met baby-gebabbel en huizenjachtnieuwtjes.

De voorbije 4 jaren heb ik ook heel wat tripjes gemaakt naar het buitenland.
Het waren keer op keer toffe bestemmingen waar ik contact kon leggen met andere
ALADINers en waar ik hulp kreeg om de data assimilatie in België opgestart te
krijgen. Ik denk hierbij vooraal Eric Wattrelot (Météo France) die ons heel wat
over radar-assimilatie geleerd heeft, Jean-François Mahfouf (Météo Fance) die me
steeds tips kon geven in mijn Kalman-filter-onderzoek en Mate Mile (Met.hu) die
altijd zeer behulpzaam was als ik vast zat met 3dVar of weer eens nieuwe data
nodig had. En dichter bij huis waren er ook geregeld tripjes naar Gent, waar ik
eerst samen met Nils en nadien samen met Dominique de oefeningen voor het vak
Data Assimilatie mocht vorm geven; iets wat ik altijd bijzonder graag gedaan heb
en waar ik zelf veel aan gehad heb. Dominique stond overigens ook altijd klaar
met nuttige tips en motiverende discussies voor mijn eigen onderzoek.

Ook vrienden en familie hebben uiteraard bijgedragen aan mijn inzet voor dit
doctoraatsproject. Mijn ouders zijn altijd heel trots geweest op mijn studieresul-
taten en dat deed steeds weer heel veel deugd. Toen ik mijn ouders na mijn master
vertelde dat ik nog een jaartje wilde bijstuderen, waren ze dan ook niet verbaasd.
Zelfs toen ik vertelde dat ik in dat jaar de Leuvense manama Artificiële intelligen-
tie met een postgraduaat Weer- en Klimaatkunde in Gent wilde combineren, kreeg
ik, na een paar bezorgde blikken, toch weer die onvoorwaardelijke steun. Net als
toen ik bij het KMI wilde gaan doctoreren. En die steun is er nu nog steeds en
helpt me om mijn dromen na te jagen. Naast mijn ouders, stonden ook mijn vrien-
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den steeds weer klaar met een luisterend oor, een gezellige ontspannende avond
op café, een fictieve wereld in een theaterzaal, een badminton-matchke om mij in
uit te leven of een kooroptreden om even in te verdwijnen. Met de schoonfamilie
was het steeds weer fijn babbelen over weer-weetjes en de inspiratievolle Kem-
pische zandgrond tijdens ontspannende boswandelingen. Waarbij ik Els speciaal
wil bedanken voor de mooie tekening die ze maakte voor mijn uitnodiging en het
voorblad van deze thesis.

En dan is er natuurlijk nog Maarten, zonder wie dit nooit gelukt was. Hij
maakte elk dipje en elke enthousiaste overwinning van dicht bij mee en had steeds
het geduld om mijn luisterend oor te zijn en me communicatiewetenschappelijke
tips te geven bij presentaties en posters. Hij stond steeds klaar met originele aan-
moedigingen, een dosis zelfrelativering en lekker eten als ik het schrijven weer
even beu was. En wanneer ik er echt even tussenuit moest, zorgde hij voor de
nodige afleiding met een fijne reis of een heel romantisch huwelijksaanzoek.

Ik heb dit proefschrift heel erg graag geschreven. En hoewel ik het schrijven
naar het einde toe stilaan beu was, begin ik het nu alweer te missen. Met de
boeiende discussies en nuttige verslagen van de juryleden van mijn doctoraatsex-
amen, heb ik alvast een heleboel nieuwe ideen om te onderzoeken en hopelijk om
later weer iets nieuws over te schrijven.

Aan iedereen die me op één of andere manier heeft geholpen bij het realiseren
van dit doctoraat: een hele dikke merci!

Ukkel, december 2015
Annelies Duerinckx

PS. En ook nog een dikke merci voor Copy De Raaf in Leuven voor alle hulp
bij het printklaar maken van mijn uiteindelijke ’boekje’.
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Nederlandse samenvatting
–Summary in Dutch–

De bodem heeft een belangrijke invloed op de weersvoorspellingen en meer bepaald
op planetaire grenslaag (de onderste laag van de atmosfeer). Een goede initialisatie
van de bodem in numerieke weermodellen kan de korte en middellange-termijn
voorspellingen dan ook aanzienlijk verbeteren. De connectie tussen de bodem
en de atmosfeer zijn de fluxen die zorgen voor het transport van energie en mo-
mentum. De temperatuur en vooral de hoeveelheid water in de bodem bepalen
de verdeling over de latente en voelbare warmteflux en bepalen zo mee de condi-
ties in de planetaire grenslaag. Voor de initialisatie van de bomden kunnen data
assimilatie technieken gebruikt worden, die observaties combineren met model
data om zo de werkelijke toestand van de bodem zo goed mogelijk te benaderen.
Omdat er onvoldoende directe observaties beschikbaar zijn van de temperatuur
en vochtigheid van de bodem, gebruiken de data assimilatie technieken indirecte
observaties van 2m temperatuur en 2m relatieve vochtigheid. Deze observaties
worden sterk beı̈nvloed door de fluxen vanuit de bodem en bevatten zo dus in-
formatie over de temperatuur en vochtigheid van de bodem. Een veel gebruikte
data assimilatie techniek voor de bodem is Optimale Interpolatie (OI). Toch heeft
deze techniek enkele belangrijke tekortkomingen. De coëfficienten van OI wor-
den vooraf bepaald en hangen dus niet af van de specifieke locatie of weersituatie.
Bovendien maken die vooraf bepaalde coëfficienten het moeilijk om deze methode
uit te breiden naar andere observatie types. Een recentere techniek is de Extended
Kalman Filter (EKF) die aan deze tekortkomingen tegemoed komt. In de EKF
worden de coëfficienten ad hoc berekend en verschillen ze in waarde afhanke-
lijk van de locatie en weersituatie. Bovendien laat de meer algemene en ad hoc
manier waarop ze berekend worden, toe dat deze techniek makkelijker uitgebreid
kan worden naar nieuwe observatie types zoals satelliet observaties.

In deze thesis wordt de EKF gevalideerd voor het numerieke weersvoorspellings-
model ALARO dat gekoppeld wordt aan het bodemmodel SURFEX. Nadien wordt
deze EKF gecombineerd met een drie dimmensionele variationele assimilatie (3D-
Var) voor de atmosfeer en wordt de toegevoegde waarde van het combineren van
bodem en atmosferische assimilatie onderzocht. De combinatie van de EKF met
3D-Var voor een Limited Area Model (een model over een beperkt gebied zoals
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België of Europa) is nieuw. Het doel van deze thesis is onderzoeken van een op-
timale configuratie voor de initialisatie van het operationele weermodel van het
Koninklijk Meteorologisch Instituut (KMI) van België.

Om de doelstellingen te bereiken worden vier stappen ondernomen. Eerst
wordt het belang van de bodem voor de weersvoorspellingen beschreven en wordt
het bodemmodel SURFEX, gekoppeld aan ALARO, boven België gevalideerd.
Vervolgens wordt de data assimilatie theorie besproken, met specifieke aandacht
voor OI en EKF als mogelijkheden voor assimilatie van de bodem en 3D-var als
mogelijkheid voor assimilatie van de atmosfeer. De derde stap is een grondige
validatie van de EKF en het zoeken naar de optimale parameters voor de EKF. Hi-
erbij gaat specifieke aandacht naar de optimale perturbatiegrootte ter berekening
van de Jacobiaan van de observatie operator en de vergelijking van de offline en
gekoppelde berekeningsmethode van deze Jacobiaan. In een vierde en laatste stap
wordt de EKF voor de bodem gecombineerd met 3D-var voor de atmosfeer. Deze
combinatie wordt vergeleken met een reeks andere initialisatie configuraties op
basis van increments (de correcties van de modelwaarden door de data assimilatie
techniek) en verificatie scores met observaties van de bodem, 2m temperatuur, 2m
relatieve vochtigheid, atmosferische peilingen en neerslag.

De validatie van SURFEX toont aan dat SURFEX de weersvoorspellingen ver-
betert in vergelijking met het huidige operationele bodemschema ISBA. De impact
op de 2m temperatuur, 2m relatieve vochtigheid, 10m wind en neerslag is neutraal
of positief. Enkel tijdens de winter zijn er overdag te hoge maximum temperaturen
in de hoger gelegen stations.

De studie van de Jacobiaan van de observatie operator van de EKF toont aan
dat de offline en gekoppelde berekeningsmethode gelijkaardige ruimtelijke patro-
nen en waarden opleveren. De offline methode heeft hierbij enkele voordelen
ten opzichte van de gekoppelde methode. Zo laat de offline methode kleinere
perturbaties toe wat leidt tot een betere geldigheid van de lineariteitsassumptie.
Bovendien vergt de offline methode veel minder rekenkracht waardoor deze meth-
ode vanuit operationeel standpunt te verkiezen valt. Bij deze studie werden ook
niet-fysische 2∆t oscillaties gedocumenteerd. Deze oscillaties hebben slechts
een kleine amplitude en verdwijnen vanzelf na een korte tijd. Ze hebben geen
negatief effect op de kwaliteit van de voorspellingen, maar zorgen wel voor een
een beduidende ongewenste ruis op de waarden van de Jacobiaan van de EKF
en bijgevolg op de increments en de initiele waarden van de bodem variabelen.
Daarom wordt een filter voorgesteld die deze oscillaties uitfiltert. De resultaten
tonen aan dat de filter succesvol de oscillaties verwijdert en dat de voorspellingen
hierdoor verbeteren. Hoewel de resultaten aangeven dat de gefilterde, gekoppelde
methode voor de Jacobiaan de beste voorspellingen geeft, gaat onze voorkeur uit
naar de gefilterde, offline methode die eveneens goede resultaten geeft, maar veel
minder rekenkracht vereist en dus makkelijker operationeel gebruikt kan worden.

In een laatste stap wordt deze EKF dan gecombineerd met 3D-var voor de at-
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mosfeer en wordt deze combinatie vergeleken met een reeks andere configuraties.
Experimenten werden uitgevoerd met acht verschillende configuraties met voor-
spellingen gedurende 1 jaar. Bij de verificatie is het doel steeds om de Open
Loop te evenaren: dit is de huidige initialisatie methode voor de operationele
voorspellingen van het KMI en gebruikt hiervoor een interpolatie van de globale
ARPEGE data assimilatie analyses, zowel voor de bodem als voor de atmosfeer.
De resultaten tonen aan dat de planetaire grenslaag in het algemeen te koud en te
nat is in het model, behalve in de zomer. De bodem assimilatie slaagt er gedeel-
telijk in om de koude en natte bias te verwijderen. Het belang van de bodem-
assimilatie wordt bevestigd door de veel grotere bias en kwadratische fout van de
free run, waarin de bodem niet geherinitialiseerd wordt tussen elke voorspelling
maar gedurende een jaar vrij kan evolueren. De combinatie van bodem- en atmos-
ferische assimilatie zorgt vooral voor betere scores van de hoeveelheid water in de
bodem en de 2m relatieve vochtigheid, maar heeft minder effect op de temperatuur.
De 3D-var assimilatie voor de atmosfeer slaagt erin om de verificatie scores voor
2m relatieve vochtigheid te verbeteren in vergelijking met de Open Loop tijdens de
eerste 12 uur van de voorspelling. Vergelijkingen met atmosferische peilingen en
neerslag observaties tonen echter aan dat de atmosferische 3D-var data assimilatie
over onvoldoende observaties beschikt om de scores van de Open Loop te kunnen
evenaren voor de hogere atmosferische lagen. Enkel tijdens de herfst slagen de
3D-var experimenten erin om de neerslagscores van de Open Loop te verbeteren.
Uit de scores blijkt tevens de positieve invloed van de bodemassimilatie op de
neerslag voorspellingen.

In het algemeen kan gesteld worden dat bodem assimilatie, en dan voornamelijk
de EKF, een verbetering oplevert voor de vochtigheidsscores ten opzichte van de
Open Loop, zowel voor de bodem als de planetaire grenslaag. Voor temperatuur
zijn de resultaten minder eenduidig, maar ook hier slagen de experimenten met
bodem-assimilatie erin om in de meeste gevallen gelijkaardige scores te behalen
als de Open Loop. De 3D-var atmosfersiche assimilatie bevat te weinig observaties
om de scores van de Open Loop te kunnen evenaren in de hogere atmosferische
lagen en dient daarom uitgebreid te worden met bijvoorbeeld satelliet observaties,
GNSS (GPS) observaties en radar observaties. De voordelen van de combinatie
van bodem en atmosferische data assimilatie blijken vooral uit de verbeterde scores
voor bodemvocht en 2m relatieve vochtigheid in vergelijking met de runs die enkel
bodem of aftmosferische assimilatie gebruiken.

Als conclusie voor de operationele configuratie van het KMI kan gesteld wor-
den dat bodem data assimilatie een evenaring of verbetering van de scores voor
de voorspellingen geeft en dus nuttig is voor de operationele configuratie. 3D-var
atmosferische assimilatie daarentegen moet eerst getest worden met bijkomende
observaties zoals satelliet, radar en GNSS observaties alvorens operationeel ge-
bruik te overwegen.





English summary

The surface exerts an important influence on numerical weather predictions (NWP),
especially for the planetary boundary layer (PBL). A good initialisation of the sur-
face can therefore improve the short and medium-range forecast scores consider-
ably. The link between the surface and the atmosphere is made by fluxes that trans-
port energy and momentum between the surface and the atmosphere. The fluxes
are regulated by the soil temperature and soil moisture content, that regulate the
partitioning in sensible and latent heat flux. To initialise the surface, data assimila-
tion techniques can be used. Those techniques combine observations with model
data to estimate the real state of the system, or in our case the surface. Due to a
lack of direct observations of soil temperature and soil moisture content, the assim-
ilation process uses indirect observations of screen-level temperature and relative
humidity. These screen-level observations are influenced by the surface fluxes
and thus contain information about the state of the soil. A commonly used data
assimilationt technique for the surface is Optimal Interpolation (OI). Despite its
operational usage in numerous NWP-centers, it has a few important shortcomings.
The OI coefficients are pre-calculated and so they do not depend on the specific
location or weather situation. Moreover, these pre-calculated coefficients make
it cumbersome to include new observation types, like satellite observations. Re-
cently an EKF has been developped for surface assimilation in the surface model
SURFEX that meets these shortcomings. In the EKF the coefficients are calcu-
lated in an ad hoc manner, so their values are dependent on the specific location
and weather situation. Moreover, the more general and ad hoc manner of calcu-
lating these coefficients allows the EKF to be more easily extended towards new
observation types.

In this thesis the EKF is validated for the Numerical Weather Prediction (NWP)
model ALARO coupled to the surface model SURFEX. The EKF will be combined
with a three dimensional variational (3D-var) assimilation for the upper-air and the
added value of this combination, with respect to surface or upper-air assimilation
separatelty, is investigated. The combination of the EKF with 3D-var for a limited
area model is a new one that, to our knowledge, has not been tested before. The
purpose of this thesis is to find an optimal set-up for the initialisation of the opera-
tional NWP-model of the Royal Meteorological Institute (RMI) of Belgium, that is
currently initialised using an interpolation of the global ARPEGE data assimilation
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analyses for both the surface and the atmosphere.
To achieve this purpose the research is build up in in four stages. First, the im-

portance of the surface for the planetary boundary layer and the upper atmosphere
is described and the surface model SURFEX coupled to ALARO is validated above
Belgium within this context. Next, data assimilation theory is discussed, with spe-
cial attention for OI and the EKF as candidate assimilation techniques for the sur-
face and 3D-var as a technique for the upper-air. The third stage is a thorough
validation of the EKF, including a search for the optimal perturbation sizes for
the finite differences calculation of the Jacobian of the observation operator. A
comparison is made of the offline and coupled finite differences approach of cal-
culation the Jacobian. In a fourth and final stage, the EKF is combined with a
3D-var upper-air assimilation and this combination is compared to a number of
other set-ups. The comparison is made with regards to increments and validated
with observation of the soil, the screen-level temperature, screen-level relative hu-
midity, atmospheric soundings and precipitation observations.

The validation of SURFEX show that SURFEX improves the forecast scores
compared to the current operational ISBA surface scheme. The impact on 2m
temperature, 2m relative humidity, 10m wind and precipitation is either neutral or
positive. Only during Winter the daytime temperatures are too high for the stations
located at higher elevations.

The study of the observation operator Jacobian of the EKF shows that the
offline and coupled approach have similar spatial patterns and values. Still, the
offline approach has a few advantages over the coupled one. Firstly, the offline
approach allows for smaller perturbation sizes due to which there is a better va-
lidity of the linearity assumption of the finite differences approach. Moreover, the
offline approach is computationally much cheaper, allowing it to be used in an
operational setting. A case of spurious 2∆t oscillations is documented. The oscil-
lations arise in the late afternoon in Summer when a stable boundary layer sets in.
Although they dissapear again after a while and do not have a detrimental effect on
the forecast scores, they introduce considerable noise in the Jacobian of the EKF
and thus in the increments. For this reason a filter was proposed to deal with these
oscillations and it is shown that the filter works accordingly. Results show that the
coupled, filtered approach gives the best forecast scores. Still our preference goes
out to the offline, filtered approach that also improves the non-filtered EKF but is
computationally much cheaper and thus more feasable for operational usage.

In the final stage the EKF is combined with a 3D-var upper-air assimilation
and this set-up is compared to a number of other initialisation set-ups. Experi-
ments were performed for 1 year and for eight different set-ups. The goal of the
verification is to get similar scores as the Open Loop, that uses the interpolated
ARPEGE analysis as initial conditions for the surface and the atmosphere as it
is done in the currect operational set-up at the RMI. Results show that the plane-
tary boundary layer in the model is in general too cold and too wet, except during
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summer. The surface assimilation is capable of partly eliminating this bias. The
importance of the surface assimilation is confirmed by the much larger bias and
root mean square error of the free run, in which the surface is not reinitialised
after each assimilation cycle but is allowed to run freely during the whole year.
The combination of surface and upper-air assimilation provides better scores for
soil moisture content and screen-level humidity compared to the Open Loop, es-
pecially during the first twelve hours of the forecast. Comparisons of the model
values with atmospheric soundings and precipitation observations show that the
3D-var assimilation experiments are not able to reproduce the scores of the Open
Loop for the upper layers of the atmosphere. This is probably due to a lack of
observations, since only conventional observations are used in the assimilation so
far. Only during Autumn, the 3D-var assimilation is able to improve the Open
Loop scores for precipitation. The scores also show the positive effect of surface
assimilation on the precipitation forecasts.

In general it can be concluded that the surface assimilation, and in particular
the EKF, improves the surface and boundary layer humidity compared to the Open
Loop. For temperature the results are more mixed, but also in this case the surface
assimilation experiments are able to achieve similar resutls as the Open Loop in
most cases. The 3D-Var upper-air assimilation contains too few observation types
to be able to get similar scores as the Open Loop. Adding satellite data, GNSS
ZTD data and radar data will probably improve the scores of the 3D-var upper-air
assimilation. The advantages of the combination of surface and upper-air assim-
ilation are clear from the improved scores for soil moisture content and relative
humidity in the lower parts of the atmosphere, compared to the runs with only
surface or upper-air assimilation.

As a conclusion for the operational set-up of the RMI it can be said that the
surface assimilation runs, and particularly the EKF, are able to get similar or im-
proved scores compared to the current operational initialisation set-up. The 3D-var
upper-air assimilation however, should first be improved by using satellite, GNSS
and/or radar observations before it can be considered for operational usage.





1
Introduction

The aim of this thesis is to explore the possibilities of an Extended Kalman Filter
(EKF) as a surface initialisation technique for the Numerical Weather Prediction
(NWP) model ALARO and the surface scheme SURFEX. This research is mo-
tivated by the potential to improve the soil temperature and soil moisture of the
model, with the intention to eventually improve low-level atmospheric forecasts.
Furthermore the EKF facilitates adding new observation types in the future, thus
providing the opportunity to keep improving the forecast scores.

Below a general introduction is provided on NWP modelling, data assimila-
tion and their practical relevance for weather prediction and climate projection.
Afterwards a number of research questions are listed that will be addressed in this
thesis.

1.1 General Terminology

1.1.1 The importance of NWP-model forecasts

The predictions calculated by NWP models are used by human forecasters to for-
mulate forecasts for the general public. The more detailed and correct the NWP
model forecasts are, the better the final forecast for the general public. Figure 1.1
(ECMWF, 2015) shows the evolution of the ECWMF NWP-model forecast quality
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from 1981 until present. The figure shows a steady improvement in forecast qual-
ity over the years for all forecast ranges for the Northern as well as the Southern
hemisphere. The reason for this improvement in forecast skills is twofold. On the
one hand there is a better and more numerous use of observations in the models,
both due to improvements in the data assimilation techniques used to incorporate
these observations into the model and due to technological advances. On the other
hand the improvements are due to the need to improve the simulation of various
processes of the earth-atmosphere system. For example the need to make better
predictions for large scale blocking patterns in the atmospheric circulation was
made possible by improved spatial resolutions. Also the need to better describe
the soil processes led to improved forecasts.

The increase in computational power allows the NWP models to be run at
increasingly higher resolutions resulting in more detailed forecasts. These high-
resolution forecasts create opportunities to provide the public with more detailed
and timely alerts in case of extreme events such as heavy precipitation or thunder
storms. Furthermore the NWP models can be used to gain a better understanding
of the processes in the atmosphere through sensitivity studies and climate studies.
Finally the output of NWP models is also used as input for various other applica-
tions such as hydrological models that predict floods or decision models for wind
energy generation.

While the increasing observation stream drives the models towards higher res-
olutions, these higher resolutions in turn require more physiographic details and
hence a more detailed use of observations in other parts of the model. This cy-
cle, together with the continuous improvement of technological capacities, allows
NWP forecasts to keep improving.

1.1.2 NWP as an initial value problem

There are two conditions for a good NWP forecast. The first one is good knowl-
edge of the physical laws that determine atmospheric circulation and the ability
to formulate these laws so that they can be integrated by a computer model. The
NWP model forecasts are made on a grid. Numerical procedures are used to discre-
tise and integrate the equations on this grid. While some institutes, like ECMWF
and Météo France, run a global NWP model, in Belgium we run a Limited Area
Model (LAM). The domain of a LAM only covers a part of the world and the
LAM uses boundary conditions generated by a global model to take into account
the large-scale weather patterns.

The second condition for a good NWP forecast is a good initialisation of the
model. The atmosphere is a chaotic system. This means that a small error in the
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Figure 1.1: Time series of the annual running mean of anomaly correlations of HRES 500
hPa height forecasts evaluated against the operational analyses for the period January
1981 till present. Values plotted at a particular month are averages over that month, the
previous 5 months and the following 6 months. Forecast lead times of 3, 5, 7 and 10 days
are shown, for scores averaged over the northern (bold lines) and southern (thin lines)

extratropics. The shading shows differences in scores between the two hemispheres at the
forecast ranges indicated. (ECMWF, 2015)

initial state can quickly grow and cause large forecast errors after only a few hours
(see fig. 1.2). The better the initial state of the model, the better the forecast will
be. It can therefore be said that NWP is in fact an initial value problem. This
problem is tackled by data assimilation.

1.1.3 Data Assimilation

The goal of data assimilation is to produce a three dimensional initial state of the
atmosphere for the NWP model based on observations and a model guess. Data
assimilation is the process by which these observations are incorporated into the
model state, taking into account the uncertainties on both the model guess and the
observations. A good initial state, also called analysis, is as close as possible to
the true state of the atmosphere. Furthermore a good analysis is also physically
consistent. This means that the analysis takes into account the balances between
the different variables, such as the geostrophic and hydrostatic balance. If these
balances are not taken into account, the information of the observations will be
filtered out of the forecast during the adjustment period in the model spin-up by
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Figure 1.2: Schematic of the chaotic behaviour of the atmosphere. The blue lines show the
trajectories of the individual forecasts that start with slightly different initial states and

diverge from each other owing to uncertainties in the initial conditions and in the
representation of sub-gridscale processes in the model. The dashed, lighter blue envelope
represents the range of possible states that the real atmosphere could encompass and the
solid, dark blue envelope represents the range of states sampled by the model predictions.

(Slingo and Palmer, 2011)

means of spurious gravity waves.
Data assimilation techniques need to tackle several problems in order to pro-

duce a good analysis. First of all the observations are irregularly distributed over
the earth, while the model is integrated over a regular grid. Hence an interpolation
is needed from the observation locations to the model grid. Second, the observa-
tions and the model both contain errors. Errors in the observations include mea-
surement errors, missing data and errors when transforming observations quanti-
ties to model quantities. Model errors include discretization and parametrization
errors. Data assimilation techniques use statistical information about model- and
observation errors to produce a statistically optimal analysis.

Another problem in data assimilation is the scarcity of observations compared
to the number of model variables to initialise, making the model initialisation an
under-determined problem. For example a global NWP model requires on average
108 model variables to be initialised while there are only around 106 observations
available for an analysis. In addition to the observations the analysis uses a pre-
vious model forecast as a background into which the observations can be assim-
ilated. This background serves as a memory of the models’ previous state. Data



INTRODUCTION 1-5

assimilation techniques are thus statistical methods that combine a previous model
forecast with new observations to produce an initial state that is as close to reality
as possible. When the number of variables in the model is higher than the num-
ber of observations used in the analysis, this provides the model with the degrees
of freedom to try to keep the model balances intact (cfr. Geostrophic and hydro-
static balance). Still it is unavoidable to cause disturbances in the balances when
observations are introduced in the model. To make sure the observation signal is
not filtered out during the model spin-up period, the a priory information used by
the data assimilation process must be as good as possible. Recent developments
to achieve this are data assimilation processes like 4D-Var and ensembles, where
information on flow-dependency can be used. Since the amount of available ob-
servations and computational power is increasing, the data assimilation techniques
are constantly evolving leading to a wide variety of techniques. In this thesis we
will compare a few of these techniques and try to find the optimal set-up for the
Belgian NWP-model ALARO.

1.1.4 Surface Data Assimilation

The initialization of the soil variables of an NWP model is important in order
to provide good short- and medium-range forecasts. The soil variables, i.e. soil
moisture and soil temperature, influence the temperature and relative humidity of
the lower atmosphere through latent and sensible heat-fluxes and evapotranspira-
tion processes. Screen-level temperature and relative humidity forecast scores are
important measurements for the performance of the NWP model.

The initialisation of the surface is done using surface assimilation techniques.
In an ideal case these surface assimilation techniques would directly use observa-
tions of soil moisture and soil temperature for the initialisation. However, there are
not enough observations available of soil moisture and soil temperature. Therefore
surface assimilation techniques use screen-level observations of relative humidity
and temperature instead to infer realistic estimates about soil moisture and soil
temperature. The screen-level observations cannot be used to directly initialise the
model screen-level temperature and relative humidity, because screen-level vari-
ables are not prognostic in the model. Thus, we use screen-level observations of
temperature and relative humidity to create a good initialisation for soil moisture
and soil temperature in order to improve the screen-level forecast scores of the
model.

Surface assimilation usually uses simpler and computationally cheaper tech-
niques than upper-air assimilation. Due to the slower evolution of the soil, the
linearity assumptions made by these techniques are more valid for the soil and
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there is no need for the tangent linear or adjoint models of variational techniques,
which are very costly to maintain. Two common surface assimilation techniques
are Optimal Interpolation (OI) and the Extended Kalman Filter (EKF). While the
OI method is used operationally in many meteorological institutes, it has one large
disadvantage: it is difficult and time-consuming to include new observation types
in it, while these new observation types are necessary to improve the initialisation
and forecast quality. To tackle this problem an Extended Kalman Filter was de-
veloped, in which it is easier to add new observation types. This EKF is the main
subject of this thesis.

In the recent past an EKF has been developed within SURFEX (the new sur-
face scheme of the NWP ALARO) for the initialisation of soil water content and
soil temperature based on screen-level temperature and relative humidity obser-
vations. In contrast to OI, the EKF uses dynamical coefficients to calculate the
analysis increments. These coefficients depend on the Jacobian of the model ob-
servation operator which projects the the model state into the observation space.
The Jacobian elements are calculated using a finite differences approach, compar-
ing a perturbed and reference run for each of the soil prognostic variables. In order
to make the EKF computationally efficient, these runs are calculated using SUR-
FEX in offline mode, i.e. with the surface scheme decoupled from the atmospheric
model.

1.1.5 Research Questions

The aim of this thesis is to make a detailed study of the EKF as a surface initial-
isation technique for the Belgian NWP model ALARO and the surface scheme
SURFEX. Following research objectives will be addressed:

• The validation of the EKF for SURFEX developed by Mahfouf et al. (2009).
This includes a comparison of the offline and coupled approach for the cal-
culation of the Jacobian of the EKF and the effect of non-linearities in the
link between the surface and the lower atmosphere on the linearity assump-
tion and calculation of the Jacobian.

• The validation of the EKF in combination with a 3D-Var atmospheric as-
similation for a LAM in an operational setting and comparison with other
possible set-ups in order to find the optimal set-up for the Belgian opera-
tional NWP-model. The combination of 3D-Var with EKF for a LAM is
new, and to our knowledge it has not been tested before.

The above objectives will be addressed through several stages of research. In
the first stage the NWP model, the surface scheme and the data assimilation pro-
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cess are studied. The importance of a good soil initialisation is shown and it will
be demonstrated that the soil initialisation of the EKF is similar to that of the older
and more widespread Optimal Interpolation method. In a second stage the EKF is
studied in detail to find its optimal set-up and parameter settings for the Belgian
operational domain. This detailed study includes a comparison of the offline and
coupled Jacobian approach with respect to the validity of the linearity assumption,
the optimal perturbation size and the gain and increment sizes. Furthermore the
effect of non-linearities on the calculation of the Jacobian will be studied. In the
final stage the optimal EKF set-up for the surface initialisation will be combined
with a three dimensional variational (3D-Var) atmospheric assimilation for the at-
mospheric initialisation. This combination will be compared to a range of other
possible initialisation set-ups for the soil and atmosphere. The goal of this final
step is to find the optimal operational set-up for the NWP-model of the Royal Me-
teorological Institute of Belgium (RMIB) and to provide a solid basis for the future
assimilation of high-resolution observations such as radar and GNSS data.

The reason for focussing on surface data assimilation in this thesis, and not
on the assimilation of high-resolution observations, is twofold. First of all sur-
face data assimilation is able to provide considerable improvements to the fore-
cast scores without needing much additional computational power. Therefore it
is most feasible and useful to make this operational on a short-term basis. The
second reason is related to this. The assimilation of high density observations,
which is our ultimate goal for the future, needs a solid data assimilation basis to
build upon. This basis includes a good surface assimilation and a basic upper-air
assimilation with at least the conventional observations (soundings, synop obser-
vations, airplane observations, ). In this thesis we provide this solid base of surface
and upper-air assimilation to take all the preparatory steps for the assimilation of
high-density observations.

1.2 Outline

The research conducted towards the above-stated aim and objectives is presented in
the following four chapters. In Chapter 2 the Land Surface Model (LSM) SURFEX
and the NWP model ALARO are described and the model set-up with SURFEX
coupled to ALARO is validated. A detailed description is given of the land surface
processes that are involved in the interaction between the soil and the lowest atmo-
spheric model. In Chapter 3 the various data assimilation techniques are described.
For the surface a description is given of Optimal Interpolation and the Extended
Kalman Filter, while for the atmosphere three dimensional variational assimilation
is described. In Chapter 4 the detailed study of the Extended Kalman Filter and
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its Jacobian is provided. This includes the comparison between the offline and
coupled approach for calculating the Jacobian and a documentation of how non-
linearities in the model can cause spurious oscillations that introduce some noise
in the Jacobian in the affected locations. In Chapter 5 the EKF is combined with
3D-Var in an operational setting. This set-up is compared to a number of other
set-ups with respect to increment sizes and forecast scores in order to determine
the optimal set-up for the Belgian operational NWP-model. Chapter 6 provides a
general summary and some perspectives and limitations of this work.



2
The Modelling of Land Surface

Processes

Based on: Hamdi, R., Degrauwe, D., Duerinckx, A., Cedilnik, J., Costa, V.,
Dalkilic, T., Essaouini, K., Jerczynki, M., Kocaman, F., Kullmann, L., Mahfouf,
J.-F., Meier, F., Sassi, M., Schneider, S., Va, F., and Termonia, P.: Evaluating the
performance of SURFEXv5 as a new land surface scheme for the ALADINcy36
and ALARO-0 models, Geosci. Model Dev., 7, 23-39, doi:10.5194/gmd-7-23-
2014, 2014.

Based on: Giot, O., Termonia, P., Degrauwe, D., De Troch, R., Caluwaerts, S.,
Smet, G., Berckmans, J., Deckmyn, A., De Cruz, L., De Meutter, P., Duerinkcx,
A., Gerard, L., Hamdi, R., Van den Bergh, J., Van Ginderachter, M., and Van
Schaeybroeck, B., in press: Validation of the ALARO-0 model within the euro-
cordex framework. Geosci. Model Dev. Discuss.

This chapter will demonstrate the importance of the soil for NWP models and
evaluate the surface scheme SURFEX in this regard. To show the importance of
the soil, we will describe the processes by which the soil affects the lower atmo-
sphere. Furthermore, it will also be made clear how screen-level observations of
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temperature and relative humidity contain information about the state of the soil.
In the next chapter we will then use observations of 2m temperature and relative
humidity to initialise the soil. Finally we will describe and evaluate here the mod-
els used in this research: the ALARO NWP-model and the SURFEX platform
containing the ISBA surface scheme.

2.1 The importance of the soil for the lower atmo-
sphere in NWP-forecasts

In an NWP-model, the surface serves as a lower boundary that exchanges mo-
mentum, water, heat, chemicals and aerosols with the atmosphere. It is a physical
complex boundary with a large spatial heterogeneity (eg. in soil characteristics,
vegetation types, orography) and it has very different time scales than the atmo-
sphere (weeks to months vs. days). In contrast to the atmosphere, the surface is
a slow system. This means that the impact of initialization errors in the deep soil
can continue to aggravate the forecasts up to several weeks.

The surface has its main effects on the lowest part of the atmosphere and more
precisely on the planetary boundary layer (PBL) development. This PBL consists
of the atmospheric levels that are directly influenced by the presence of the sur-
face. It responds relatively quickly to changes in the surface forcing like incoming
solar radiation. As a result, this lower part of the atmosphere shows large diurnal
variation in temperature and relative humidity.

The influence of the soil is not limited to the planetary boundary layer. Its
influence is often propagated through the PBL to the higher atmospheric layers,
where it has its effect on cloud formation and can trigger deep convection. The
soil can have a strong influence on the atmospheric forecasts at short (Baker et al.,
2001; Drusch and Viterbo, 2007; Beljaars et al., 1996) as well as medium (Zhang
and Frederiksen, 2003; Fischer et al., 2007; Viterbo and Courtier, 1995) forecast
ranges.

2.1.1 The interactions between the soil and the lower atmo-
sphere

The main process that drives the interaction between the soil and the lower at-
mosphere is the evapotranspiration-precipitation interaction. The processes that
govern this interaction are related to the energy and the water cycle of the surface
(see figure 2.1.) The key input of the energy cycle is the net incoming solar radia-
tion. It provides the energetic forcing at the surface and is governed by the surface
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albedo. The result of the energy cycle is the partitioning of energy into latent,
sensible and ground heat fluxes.

Figure 2.1: Overview of the processes governing the interaction between the soil and the
lower atmosphere. Top left: the evapotranspiration-precipitation interaction. Top right:

the energy and water cycle of the soil with L the latent heat flux, H the sensible heat flux,
T2m and RH2m the screen-level temperature and relative humidity, Ts and T2 the

superficial and deep soil temperature, Ws and W2 the superficial and deep soil moisture
content. Bottom: Comparison of the partitioning of sensible (H) and latent (L) heat fluxes

for dry and wet soils.

In this partitioning the water cycle plays an important role as the soil water
content is often the limiting factor for evapotranspiration (Draper, 2011). The
main input of the water cycle is the precipitation that falls onto the surface. This
precipitation is then either intercepted by the vegetation and re-evaporated into the
air or it runs off into the soil where it is stored. The water can enter the atmo-
sphere again after evaporation from bare soil and vegetation interception water or
after transpiration from vegetation. The amount of evaporation and transpiration
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(evapotranspiration) is controlled by three threshold values for water storage: the
wilting point, the field capacity and the saturation water content. The wilting point
(wwilt) is the soil water content below which the vegetation is unable to extract
water from the root zone soil layer. The field capacity (wfc) is the amount of soil
moisture held in the soil after excess water has drained away and the rate of down-
ward movement has decreased. And the saturation water content (wsat) finally is
the maximum amount of water that the soil can hold, before the additional water
is run-off. The evaporation is assumed to be at the potential rate (i.e. the rate of
a free water surface) between wfc and wsat . The limiting factor for the transpi-
ration is wwilt, below which transpiration is negligible. Figure 2.2 illustrates the
relationship between the field capacity, the wilting point and the soil texture.

Figure 2.2: Illustration of the general relationship between soil water characteristics and
soil texture. (Brereton, 2015)

The amount of water available for evapotranspiration determines the partition-
ing between sensible and latent heat flux in the energy budget. In wet soils, where
there is plenty of water available, there will be a large latent heat flux and thus
a smaller sensible heat flux. In dryer soils the amount of evapotranspiration and
the latent heat flux are limited, while the sensible heat flux will be larger. The
thresholds for the evapotranspiration process vary according to the composition of
the soil and mainly depend on the fractions of clay and sand in the soil. Other
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factors that influence the partitioning between latent and sensible heat flux are the
vegetation fraction and the humidity, temperature and wind in the lowest part of
the atmosphere.

The partitioning of sensible and latent heat flux organises the transfer of energy
and water in the lowest part of the atmosphere. This way it affects the tempera-
ture and relative humidity profile of the lower atmosphere and thus influences the
evolution of the planetary boundary layer. For example, for soil moisture between
wwilt and wfc, a wetter soil will lead to more latent heat flux and less sensible
heat flux. This leads to a shallower planetary boundary layer and a reduced diurnal
temperature range (eg. Pielke (2001); Betts and Ball (1995)). Since the soil affects
the temperature and relative humidity profiles of the PBL, it also affects the sta-
bility of the PBL. Sensitivity studies with numerical models show that the soil can
influence the initiation and intensity of convective precipitation (Gallus and Segal,
2000; Findell and Eltahir, 2003), sea-breezes (Baker et al., 2001), and dry-lines
(Grasso, 2000; Martin and Xue, 2006). In most cases the increased latent heat flux
of a wetter soil leads to increased precipitation. Under certain conditions it is also
possible that the increased sensible heat flux from a dryer soil induces precipitation
(Gallus and Segal, 2000; Findell and Eltahir, 2003). The increase in precipitation
in turn leads to a wetter soil and this completes the evapotranspiration-precipitation
cycle.

According to Draper (2011) the soil has its largest influence on the atmosphere
during the summer in transition zones between wet and dry climate. During this
period the soil moisture is betweenwwilt andwfc, which means it is a limiting fac-
tor for the evapotranspiration. At the same time the atmosphere is humid enough
during this period for the initiation of precipitation (Koster et al., 2004). Bal-
samo et al. (2004) shows that the impact of the soil is larger during anticyclonic
circulations. In an anticyclonic circulation the incoming solar radiation is higher,
resulting in increased sensible and latent heat fluxes at the surface and thus a larger
impact of the soil. During the winter the influence of the soil is much less due to
the lesser radiative forcing and the presence of frozen soils that act as a barrier
between the soil moisture storage and the atmosphere (Draper, 2011).

The soil does not only influence the atmosphere on the short forecast ranges, it
can also affect the medium forecast ranges. The reason for this is the long memory
of the soil, which can be further enhanced by the evapotranspiration-precipitation
interaction. Due to its long memory, soil anomalies can persist for months or even
years. One example of this is the anomalously low soil moisture over Europe in
the Spring of 2003, which contributed to the heat wave in the following summer
(Fischer et al., 2007).
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2.1.2 Features of Land Surface Models

Because the soil has an important effect on the atmosphere, numerical weather pre-
diction models need parametrizations of surface processes. These parametrizations
describe the processes governing the energy and water cycles described above.
They estimate the fluxes such as sensible heat, latent heat, momentum and radia-
tion that are exchanged between the atmosphere and the surface. The fluxes depend
strongly on the characteristics of the underlying surface. With the increase of res-
olution up to kilometre scales, the role of the surface interactions in atmospheric
models is steadily increasing. Land surface schemes for NWP-models have im-
proved considerably in the last two decades (Noilhan and Planton, 1989; Viterbo
and Courtier, 1995; Essery et al., 2003; Ek et al., 2003; Balsamo et al., 2009). A
limiting factor for land surface models in NWP is the operational requirement of
a timely forecast. Due to this, land surface models used in NWP are often more
simplified than land surface models used for example in hydrology research.

Mahfouf and Balsamo (2009) give an overview of the basic features common
to all surface parametrizations. First of all, land surface models need to have at
least two prognostic equations, one for soil temperature and one for soil moisture
content. There are two possibilities for dealing with the heat and water transfers
in the soil: a discretization of the diffusion equations over a number of layers or
following the force-restore method of Bhumralkar (1975) and Deardorff (1977).
The force-restore method uses two soil layers: one skin surface layer with a depth
of a few millimeters and one bulk soil layer corresponding to the upper half meter
of the soil. The term force-restore stems from the equations for the superficial
layer where the first term is a forcing term taking into account the surface changes
due to forcing (eg. precipitation, evaporation in case of soil moisture) while the
second term restores the skin layer values exponentially toward the bulk value in
the absence of forcing (for example see equations 2.1 and 2.3). An example of the
force-restore method will be provided later in this chapter during the discussion
of the ISBA soil scheme in section 2.2.3. The force-restore method efficiently
describes the diurnal and annual cycle of the soil variables without needing an
explicit diffusion equation and a fine vertical resolution in the soil.

Another common feature of surface parametrizations is the computation of
temperature and specific humidity at the lower boundary of the atmospheric model
to be able to compute heat, water and momentum exchanges at the boundary be-
tween the surface and the atmosphere. The calculation of the surface fluxes is
usually based on Monin-Obukhov theory and relies mainly on the evapotranspi-
ration flux. Most surface models use patches to specify the soil characteristics in
each location. Common patches are bare soil, rock and vegetation canopy. During
the winter also the modelling of the effects of snow and frozen soils is important.



CHAPTER 2 2-7

2.2 The strengths of the SURFEX platform as a sur-
face scheme and the coupling to the ALARO NWP
model

In the previous section the importance of a surface scheme for NWP-models was
discussed. In this section we will describe the models used in this research: the
ALARO NWP-model and the surface model SURFEX that contains the ISBA sur-
face scheme.

2.2.1 The history of SURFEX and ALARO

The international ALADIN (Aire Limitée Adaptation Dynamique Développement
International) consortium (ALADIN, 1997) has over the past two decades devel-
oped a limited-area model (LAM) to serve the specific needs of its participating
partners. Currently this consortium consist of 16 partners, covering Europe and
the Mediterranean region and including some north African countries. The code
of the ALADIN model (Bubnová et al., 1995) is mostly shared with the code of
the French global ARPEGE (Action de Recherche Petite Echelle Grande Echelle)
model and the IFS (Integrated Forecast System) of ECMWF (European Centre for
Medium-Range Weather Forecasts). The lateral-boundary conditions (LBCs) of
the operational ALADIN model configurations are imposed by the Davies scheme
(Davies, 1976; Radnóti, 1995; Termonia et al., 2012) at regular time intervals of
3 h (Termonia et al., 2009) with LBC data provided by either ARPEGE, IFS or a
larger ALADIN domain. For the present study the version of Radnóti (1995) is
used.

ALADIN has been further developed with a physics parametrization package
called ALARO, which has been designed specifically to be run at convection-
permitting resolutions. The key concept behind this package lies in the precipi-
tation and cloud scheme called modular multi-scale micro-physics and transport
(3 MT), developed by Gerard and Geleyn (2005); Gerard (2007); Gerard et al.
(2009). The multi-scale behaviour of 3 MT has been validated up to a spatial
resolution of 4 km for NWP (Gerard et al., 2009; De Meutter et al., 2015) and
climate (Hamdi et al., 2012, 2014a; De Troch et al., 2013; Giot et al., in press).
The ALARO model version ALARO-0, which has been used for the present study,
utilizes the ACRANEB scheme for radiation (Ritter and Geleyn, 1992), a semi-
Lagrangian horizontal diffusion scheme called SLHD (Váňa et al., 2008), some
pseudo-prognostic turbulent kinetic energy (TKE) scheme (pTKE, i.e. a Louis-
type scheme for stability dependencies, but with memory, advection and auto-
diffusion of the overall intensity of turbulence) and a statistical sedimentation
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scheme for precipitation within a prognostic-type scheme for micro-physics (Ge-
leyn et al., 2008). The ALARO physics package is coupled to the dynamics of the
ALADIN model via a physics–dynamics interface based on a flux-conservative
formulation of the equations proposed by Catry et al. (2007). The configuration
of the model with these physics runs operationally in a number of countries of the
ALADIN and HIRLAM consortia1 for the national NWP applications since 2008.

Historically ARPEGE, ALADIN and ALARO models relied on the ISBA scheme
developed by Noilhan and Planton (1989) and Noilhan and Mahfouf (1996) for the
parametrization of the surface processes. It is also used within the ARPEGE cli-
mate model of Météo-France (Mahfouf et al., 1995). The ISBA scheme has also
been implemented in the meso-NH model of Météo-France (Lafore et al., 1998).
Masson (2000) developed the town energy balance (TEB) scheme for the sim-
ulation of the interactions with urban areas and this scheme became part of the
meso-NH model. Within the ALADIN community the code also runs with the
physics parametrization of meso-NH. This configuration is called the AROME
model (Seity et al., 2011).

During the last decade, the surface scheme, including ISBA and TEB, has been
externalized from the core of the atmospheric meso-NH model following the ap-
proach of Polcher et al. (1998) and Best et al. (2004). This led to the creation of the
SURFEX scheme (SURFace EXternalisée). At every time step SURFEX receives
forcing for every grid-box from the atmospheric model and provides fluxes to the
atmospheric model. The forcing includes low level atmosphere temperature, spe-
cific humidity, horizontal wind components, surface pressure, total precipitation,
long-wave radiation, short-wave direct and diffuse radiations. The fluxes calcu-
lated by SURFEX are averaged fluxes for momentum, sensible and latent heats
and radiative properties like surface temperature, surface direct and diffuse albedo
and surface emissivity. SURFEX has a modular structure that can easily include
new parametrizations. Parametrizations have been added to SURFEX for all com-
ponents of the surface (ocean and inland water). In SURFEX, a grid box is build
up from four different tiles: sea, lakes, nature and town. The nature tiles can in-
clude up to 12 patches, representing the different vegetation types. The fluxes for
each grid-box are averaged according to the weight of each of the tiles for that
grid-box. For sea and ocean tiles, two options are available: a simple formula-
tion with constant sea surface temperature (SST) using Charnock’s approach and
a one-dimensional ocean mixing layer model (Lebeaupin, 2007). The FLAKE
model (Mironov et al., 2010) can be used in case of a lake tile. Town tiles use the
TEB (Town Energy Balance) scheme developed by Masson (2000) and nature tiles
use the ISBA scheme (Interaction between the Soil, Biosphere and Atmosphere,

1At, Be, Cz, Hr, Hu, No, Pt, Ro, Se, Si, Sk and Tr.
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developed by (Noilhan and Planton, 1989) and (Noilhan and Mahfouf, 1996)).
SURFEX also includes the CANOPY parametrization (Masson and Seity, 2009;
Hamdi and Masson, 2008), a multilayer parametrization for the natural and urban
canopy.

The rationale for the externalization of SURFEX was twofold. First, once
this externalization is done, and if the scheme is plugged into any applications,
it becomes available within all the applications. Secondly, SURFEX contains the
ISBA scheme for its soil and vegetation interactions, so there is a priori no need
to maintain the ISBA scheme separately in the different model versions ARPEGE,
ALADIN, AROME, ALARO, ARPEGE climate and ALADIN climate. In oper-
ational contexts it is important that the scheme is sufficiently numerically stable
to run with the long time steps imposed by the operational applications. Hence
the implicit coupling proposed by Best et al. (2004) has been used. The phys-
iographic characteristics of the surface in SURFEX are specified by the ECO-
CLIMAP database (see Masson et al. (2003) and Champeaux et al. (2005)). An
extra advantage of this externalization is that SURFEX can be used in an offline
mode. In coupled mode the atmospheric model and the surface model exchanges
fluxes and forcing at every time-step. In offline mode however, the atmosphere is
forced and there is no feedback from the surface model to the atmosphere during
the run (see fig. 2.3). The offline mode is useful for scientific applications where
the atmospheric feedbacks are not taken into account, for instance for studying
the urban heat island (UHI) evolution (Hamdi et al., 2009, 2011) or for a computa-
tionally cheap surface data assimilation procedure like the Extended Kalman Filter
developed for SURFEX (Mahfouf et al., 2009; Duerinckx et al., 2015).

2.2.2 The SURFEX surface scheme

The description of SURFEXv7.2 can be found in Masson et al. (2013). Note that
at the time of testing, we used version 5 of SURFEX. Table 1 presents a summary
of the different model configurations available within the model code.

2.2.2.1 Two radiation schemes

There are two radiation schemes available in the model code. AROME and AL-
ADIN use the ECMWF radiation scheme (referred to as FMR hereafter). It has
a shortwave radiation scheme (Fouquart and Bonnel, 1980) with 6 spectral bands,
whereas the long-wave radiation with 16 spectral intervals is computed by the
rapid radiative transfer model (RRTM) code (Mlawer et al., 1997) using clima-
tological distributions of ozone and aerosols. For the ozone monthly profiles it
uses the analytical functions that have been fitted to the UK Universities’ Global
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Figure 2.3: Schematic overview of the coupled and offline set-ups of the surface model
SURFEX.

Atmospheric Modelling Programme (UGAMP) climatology (Li and Shine, 1995).
Distributions of organic, sulfate, dust-like and black carbon, as well as uniformly
distributed stratospheric background aerosols, are extracted from the Tegen clima-
tology (Tegen et al., 1997).

Scheme Option
adiation FMR, ACRANEB
Urban effect TEB (on/off)
Surface boundary layer computation Geleyn (1988), CANOPY
Atmospheric physics ALADINcy36, ALARO-0
Surface assimilation Optimal interpolation,

Extended Kalman filter

Table 2.1: Summary of the different model configuration available within the model code.

The ALARO physics package used in this thesis has been developed with the
ACRANEB2 scheme built on Ritter and Geleyn (1992). This is a two-stream ap-
proximation with a net exchange rate (NER) formulation for solving the thermal
part. All the computations consider two spectral bands (for the solar and thermal
part) with the contribution of three gases (H2O, CO2 equivalent and O3). The
gaseous optical depths are computed by means of a Padé fit of the equivalent scale

2A recent version ACRANEB2 has been released recently.
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width computed by the Malkmus formula (Malkmus, 1967). The scheme has been
extended by using a Voigt-line profile for coping with the high model levels (Ge-
leyn et al., 2005). These schemes, FMR and ACRANEB, represent two different
approaches for the problem of the extensive computing cost in radiation schemes.
FMR is called intermittently to save computing costs. Only the shortwave flux
dependency on the zenithal solar angle is updated at every time step. The rest of
the radiation computations are updated with a frequency of 1 h for ALADIN and
15 min for AROME. This is how SURFEX is used in the Météo-France versions
of ALADIN (Masson et al., 2013).

ACRANEB, on the other hand, is in itself designed for cost effectiveness and
is called every time step. Both schemes can be called in all model versions of the
ARPEGE/ALADIN/ALARO model configurations.

2.2.2.2 Urban effects

TEB is based on the canyon concept, where the town is represented by a roof, a
road and two facing walls. The advantage is that relatively few individual surface
energy balance evaluations need to be resolved and radiation interactions are sim-
plified, and therefore computation time is kept low. Water, energy and momentum
fluxes are computed by each parametrization and then aggregated at the grid-mesh
scale according to the cover fraction of each tile.

For operational application running with long time steps, the TEB scheme is
not activated and the town is replaced by rocks. The ISBA scheme is therefore
used for all grid points of the domain because of numerical instabilities in the
coupling with explicitly computed TEB variables at the time of testing. This is the
way how SURFEX is used in the French double suite of ALADIN (Masson et al.,
2013). The operational use of the TEB scheme is planned in the coming years. The
evaluation of SURFEX and surface data assimilation in this thesis is a preparatory
step for this.

2.2.2.3 Surface boundary layer computation

The surface in the ARPEGE/ALADIN/ALARO model is forced by only one at-
mospheric layer, i.e. the lowest atmospheric model layer (see fig. 2.4). The 2 m
temperature, 2 m relative humidity and 10 m wind are diagnostically calculated by
complex interpolation between the lowest atmospheric level and the surface. This
calculation uses the stability functions of the dry static energy and applying the
Monin-Obukhov similarity theory for the surface boundary layer (Geleyn, 1988).
However, Best and Hopwood (2001) found that the choice of stability functions
at night can have a significant impact on both the surface temperature and the
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sensible heat flux and therefore on the diagnostic of screen temperature in stable
situations. Due to the simplicity of the single-layer coupling to the surface, the
surface scheme of SURFEX can be used off-line.

Figure 2.4: Schematic view of the surface scheme coupling to the lowest atmospheric
model level.. Figure adapted from figure 5.1 of Moigne et al. (2012)

In order to improve the description of the physical coupling between the air
and the surface, a one-dimensional surface boundary layer has been implemented
in SURFEX (CANOPY scheme) following the methodology described in Hamdi
and Hamdi and Masson (2008) and Masson and Seity (2009). With this version,
six prognostic air layers (0.5, 2, 4, 6.5, 10, and 17 m above the ground) are added
from the ground up to the lowest atmospheric level. The surface boundary layer is
thus resolved prognostically (there is no need for analytical extrapolation such as
in Geleyn (1988)), taking into account large-scale forcing, turbulence and, if any,
drag and canopy forces.

2.2.3 The ISBA scheme for nature tiles

The nature tiles in SURFEX use the ISBA (Interactions Soil Biosphere Atmo-
sphere) land surface scheme developed by Noilhan and Planton (1989). It is on
these nature tiles that the focus of the surface assimilation in this thesis will be.
ISBA describes the heat, moisture and momentum exchanges between the sur-
face, the vegetation and the atmospheric boundary layer. These exchanges are
based on the force-restore method proposed by Deardorff (1977, 1978) and the
α method for evaporation proposed by (Mahfouf and Noilhan, 1991). ISBA also
includes a representation of gravitational drainage (Mahfouf and Noilhan, 1996)
and a soil/vegetation heat capacity. Due to the computational limitations imposed
by the NWP-model, ISBA is a relatively simple scheme. Still, it contains the



CHAPTER 2 2-13

most important components of the surface-atmosphere interaction and the surface
processes. The important coefficients in ISBA have been calibrated using more
sophisticated models and experimental data.

2.2.3.1 The soil temperature

The prognostic equations for deep soil temperature Tg2 and surface temperature
Tg1 over one day τ follow the force-restore method of Bhumralkar (1975) and
Blackadar (1976):

δTg1
δt

= CT (Rn −H − LE)− 2π

τ
(Tg1 − Tg2) (2.1)

δTg2
δt

=
1

τ
(Tg1 − Tg2) (2.2)

with LE and H the latent and sensible heat fluxes, Rn the net radiation at the
surface and CT the heat capacity coefficient. CT is determined by ground heat
capacity, the snow heat capacity, the vegetation heat capacity and the fractions
of bare soil, vegetation and snow cover in the grid cell. Figure 2.5 shows the
partitioning of the grid into bare soil, vegetation and snow areas. The first term
on the right hand of equation 2.1 provides the heating or cooling of the soil due
to the radiation budget. The second term on the right of equation 2.1 restores Tg1
exponentially towards the deep layer value in the absence of net forcing.

Figure 2.5: Partitioning of the grid into bare soil, vegetation and snow areas. Ev is the
vegetation evaporation fraction, Es is the snow evaporation fraction and Eg is the bare

soil evaporation fraction. Figure adapted from figure 4.1 of Moigne et al. (2012)
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2.2.3.2 The soil moisture content

The equations for superficial water content wg1 and deep soil water content wg2
are based on the force-restore method of Deardorff (1977):

δwg1
δt

=
C1

ρwd1
(Pg − Eg)− C2(wg1 − wgeq); 0 ≤ wg1 ≤ wsat (2.3)

δwg2
δt

=
1

ρwd2
(Pg − Eg − Etr)−

C3

d2τ
max[0., (wg2 − wfc)]; 0 ≤ wg2 ≤ wsat

(2.4)
Pg is the flux of liquid water reaching the soil surface, Eg is the evaporation at the
soil surface,Etr is the transpiration rate, ρ is the density of liquid water, d1 is an ar-
bitrary normalization depth of 1 centimeter and d2 the rooting depth. Coefficients
C1, C2 and C3 are hydraulic force-restore coefficients that describe the physics of
water exchange in the soil. The formulation of C1 and C2 depends on the wilt-
ing point, the soil water content and the surface temperature. C3 depends on the
soil texture. wgeq is the equilibrium surface volumetric moisture. The coefficients
C1, C2 and wgeq have been calibrated for different soil textures and moistures by
Noilhan and Planton (1989). The first term of equation 2.3 provides the drying or
wetting of the soil surface in case of significant evaporation or precipitation. The
second term of equation 2.3 restores wg1 exponentially toward the wg2 in the ab-
sence of precipitation or evaporation. The second term of equation 2.4 represents
the drainage (Mahfouf and Noilhan, 1996). The drainage is proportional to the
amount of water exceeding the field capacity (i.e. wg2 − wfc). Sub-grid drainage
was introduced by Habets et al. (2008). When wg1 or wg2 exceeds the saturation
soil moisture value (wsat) run-off occurs (also known as the Dune mechanism).
For run-off at a sub-grid scale there are three parametrizations available in ISBA:
the variable infiltration capacity scheme (Habets et al., 1999), the TOPMODEL
approach (Decharme and Douville, 2006; Decharme, 2007) and the Horton runoff
approach (Decharme and Douville, 2006). The soil-freezing scheme in ISBA is
described in Boone et al. (2000).

The volumetric water content at saturation capacity, wilting point and field
capacity (m3m−3) are the following:

wsat = (−1.08× SAND + 494.31)× 10−3 (2.5)

wwilt = 37.1342× 10−3CLAY 0.5 (2.6)

wfc = 89.0467× 10−3CLAY 0.35 (2.7)

Figure 2.6 shows the dependency of surface evapo-transpiration on soil water
content in ISBA. On the left side the sensitivity of surface relative humidity to
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superficial soil moisture content is shown. The surface relative humidity is sensi-
tive for changes in superficial soil water content for wg1 below the field capacity.
Above the field capacity an increase in soil moisture does not lead to any increase
in surface relative humidity. On the right side of fig. 2.6 the link between the sur-
face stomatal resistance and the deep soil moisture content is shown. The surface
stomatal resistance is sensitive to changes in the deep soil moisture content forwg2
between the field capacity and the wilting point. This means that also the evapo-
ration rate, which is dependent on the stomatal resistance, is sensitive to changes
in soil moisture content in this case. Between the field capacity and the saturation
water content the evaporation is at potential rate so additional soil moisture con-
tent does not lead to more evaporation. Below the wilting point the soil moisture
content is too low for the vegetation to extract water from the root zone.

Figure 2.6: Dependency of surface evapo-transpiration on soil water content in ISBA.
Surface relative humidity as a function of the surface volumetric water content (left) and
canopy resistance as a function of the mean volumetric water content (right)(Mahfouf,

1991)

Next to the two-layer version of ISBA, also a three-layer version exists. The
advantage of this three-layer version is that it is possible here to distinguish be-
tween the root zone and the total soil water reservoirs. This version was however
not tested in this thesis.

2.2.3.3 The link between the surface and the atmosphere

Turbulent mixing at the surface regulates the transfer of soil water and energy
(heat) from the surface to the atmosphere. There are two main sources that drive
this turbulent mixing: the wind shear and the surface heating. The vertical wind
shear is caused by the no-slip boundary conditions, which imposes that the velocity
at the surface is zero. The surface heating as a source of turbulence is linked to the
stability of the atmosphere.
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The stability of the atmosphere refers to its behaviour in reaction to a perturba-
tion. When an external force, such as orographic lifting or convergence, forces an
air parcel to rise (i.e. the parcel is vertically perturbed), the difference between the
ambient temperature and the temperature of the parcel will determine the buoyancy
force FB on the parcel (Lohmann and Mensah, 2012):

FB = g(
ρ0 − ρ
ρ0

) ≈ g(
T0 − T
T0

) (2.8)

with ρ the parcel density, T the parcel temperature, ρ0 the ambient air density and
T0 the ambient air temperature. The vertical temperature profile or ambient lapse
rate of the atmosphere thus plays a key role in atmospheric stability. In a neutral
atmosphere (FB = 0), the parcel will remain in equilibrium with its surroundings
when it is lifted. When the external force disappears, the parcel will remain at its
current height. The lapse rate for a dry atmosphere in hydrostatic equilibrium is

Γd = −(
δT

δz
) = g/cp ≈ 9.8 ∗ 10−3Km−1 (2.9)

. This corresponds to approximately 1K/100m (Lohmann and Mensah, 2012).
Moisture in the air reduces the lapse rate because the process of condensation
provides additional latent heat to the parcel. The average moist lapse rate observed
in our region is approximately 6.5 ∗ 10−3Km−1

In a stable situation, the lapse rate of the surroundings is smaller3 than the lapse
rate of the parcel, so the temperature of the parcel will decrease faster than that of
the surroundings and the parcel is no longer in equilibrium with its surroundings.
As soon as the external force disappears again, the parcel will return to its original
height to regain its hydrostatic equilibrium. In this case the buoyancy force is thus
a restoring force. Therefore it can generate an oscillatory movement for a lifted
air parcel, until this oscillation is damped and the air parcel remains at its origi-
nal height. The frequency at which this vertically displaced parcel will oscillate
within a stable environment is called the Brunt-Väisälä frequency or the buoyancy
frequency N (s−1):

N2 =
g

θ

δθ

δz
(2.10)

.
The Richardson number is a dimensionless parameter that characterizes the

vertical stability of the atmosphere. It is determined by the ratio of the buoyancy
(leading to natural convection) to the flow gradient (leading to forced convection).
In a stable environment the buoyancy suppresses turbulence, while the wind shear

3a positive lapse rate means that the temperature decreases with increasing height
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generates mechanical turbulence. In an unstable environment the buoyancy force
and the mechanical turbulence work in the same direction, encouraging the initia-
tion of convection.

For cp the specific heat of air, T the air temperature, s is the dry static energy
given as s = cpT + φ with φ the geopotential height and ~v the horizontal wind
components u and v, we have that:

1

θ

δθ

δz
=

1

T

δT

δz
+

g

cpT
(2.11)

δs

δz
= cp

δT

δz
+ g (2.12)

The (bulk) Richardson number that compares the buoyancy to the vertical shear
can be defined as follows:

Ri =
g
θ
δθ
δz

| δ~vδz |2
∝ g

cpT

δs
δz

|| δ~vδz ||2
(2.13)

This last formulation shows the Richardson number calculation as it is used in
ALARO and SURFEX. The sign of the Richardson number is determined by the
(opposite) sign of the buoyancy term. Hence, in case of a positive Richardson
number, the buoyancy force works against the wind shear induced turbulence.

Turbulent eddies in the planetary boundary layer (PBL) range from 10−3m to
103m and have similar horizontal and vertical scales that are not resolved in the
model (Gerard, 2001). Since these turbulent eddies have an important function in
the transport of momentum, energy and moisture near the surface, a turbulence
parametrization is necessary.

The turbulent kinetic energy (TKE) measures the intensity of turbulence and is
defined as follows:

TKE = 0.5(u′2 + v′2 + w′2) (2.14)

The TKE equation can be made non-dimensional by dividing it by u3∗/kz with
u2∗ = |u′w′| the friction velocity, u′, v′,w′ the turbulent wind components, z the
height and k the Von Karnman constant. This gives following equation for the
shear production/loss term of the TKE equation written as a function of a non-
dimensional universal function φm:

kz

u∗

δu

δz
= φm (2.15)

Prandtls mixing length theory for turbulence assumes the wind shear term to
be in equilibrium with the buoyancy term (i.e. a neutral atmosphere), causing φm
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to be equal to 1. From this the idealised vertical profile of the mean flow for a
neutral boundary layer can be derived:

u(z) =
u∗
k

ln(
z

z0
) (2.16)

with z0 the roughness length (i.e. the height above the surface at which the wind
speed is assumed to be zero), u the wind speed, z the height, k the von Karman’s
constant and u∗ the friction velocity.

Monin Obukhov similarity theory extends Prandtls theory for non-neutral cases
by using a dimensionless height ζ = z/L to characterize the vertical distribution
of temperature and wind speed. L is here the Obukhov Length, defined by the the
ratio of the Reynolds stress contribution (causing the shear induced eddies) and
the buoyancy contribution (causing the convective eddies):

L =
θu2∗
kgθ∗

(2.17)

with θ the mean virtual potential temperature and θ∗ = −w′θ′/u∗ the temperature
scale. The value of L can be used as an indicator for stability with positive values
indicating stable cases, negative values indicating unstable case and very large
positive or negative values (|L| > 1000m) indicating near neutral cases.

In a more general formulation than equation 2.15 we can say that, given a
variable ψ, the vertical diffusion equation is given by:

δψ

δt
=

1

ρ

δFψ
δz

= −g δFψ
δp

(2.18)

with the diffusive fluxes defined as:

Fψ = −ρK δ

δz
ψ (2.19)

The variable ψ could for example be specific humidity, the horizontal wind
components u and v or the dry static energy s = cpT + φ (with φ the geopotential
height, T the air temperature and cp the air specific heat).

At the surface the turbulent flux is defined as:

Fψ = ρCM/H ||uN ||(ψN − ψS) = C∗M/H(ψN − ψS) (2.20)

with CM and CH the surface turbulent exchange coefficients for momentum (i.e.
the wind components) and for energy (i.e. the dry static energy and specific hu-
midity). The indexesN and S refer to the lowest model level and the surface layer.
The parametrization of the turbulent exchange in ISBA and SURFEX follows the
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Monin Obukhov theory, applied to a horizontally stratified PBL. The turbulence
coefficients are empirically determined. A more detailed description of the coeffi-
cients is given by Balsamo (2003).

Important verification variables for a numerical weather forecast are the screen-
level variables such as 2m relative humidity and 2m temperature. The 2m-height
however, does not correspond to any model level height (the lowest model level in
our set-up of ALARO is at 17m). Therefore, a vertical interpolation is necessary
between the surface and the lowest model level to obtain these values. Due to the
strongly varying vertical gradients in the PBL, it is not possible to use any poly-
nomial ad hoc interpolation technique such as splines. The interpolation in ISBA
is done according to the formulation of Geleyn (1988). This interpolation between
the surface and the lowest atmospheric model level supposes that the fluxes are cal-
culated according to Monin Obukhov theory as described above and uses the verti-
cal profiles of temperature and wind in the boundary layer as calculated according
to the turbulence scheme. The vertical interpolation thus depends on the vertical
stability of the PBL (i.e. the Richardson number) and the roughness length. This
implies that the interpolation takes into account the orographic height, vegetation
and meteorological conditions. To summarize we can say that the weights for the
interpolation between the surface and the lowest model level, depend on the turbu-
lence. For example, for stable atmospheric conditions the 2m temperature T2m is
close to the surface temperature Tg1 while in unstable conditions T2m is closer to
the temperature of the lowest amotpsheric model level TN (equivalent for RH2m).
A detailed description of the interpolation equations is given in Appendix B.

2.2.3.4 Structure for the numerical coupling of the surface and the planetary
boundary layer

The coupling between SURFEX and ALARO is done following the approach of
Best et al. (2004). They propose a generic structure to couple tiled land surface
schemes to atmospheric boundary layer schemes. They argue that, due to the tiled
and complex nature of the surface processes, it is more convenient to couple at
the lowest atmospheric model level than at the surface. The atmosphere passes
its variables to the land surface scheme, which returns the corresponding surface
fluxes to the atmosphere. The atmosphere does not have to distinguish between
the tiles but receives the average fluxes per grid point.

To provide a generic structure for the coupling, Best et al. (2004) argue that
both implicit and explicit coupling should be an option. In explicit methods, the
computations for the new time-step only depend on known variables (i.e. of the
previous time-step). In an implicit coupling, the computations for the new time-
step are expressed in terms of variables at the new time-step. In this case the
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new time-level variables cannot be computed level by level in an explicit way. A
tridiagonal matrix system or an iterative technique is necessary to obtain a solution
for the implicit case. While explicit methods produce greater accuracy with less
computational effort, implicit coupling is often necessary for stability reasons in
case the timescales of the processes can be shorter than the time-step of the model.

The proposed coupling method by Best et al. (2004) can be summarized by the
following equation for the lowest atmospheric level:

X+
N = A−X,N × F+

X,S +B−X,N (2.21)

with X an atmospheric variable (u,v,θ,q), subscript N indicating the lower atmo-
spheric level and S indicating the surface level. The sign− indicates that the value
is calculated at time t, while the sign + indicates that the value is indicated at time
t+ ∆t:

• X+
N is an atmospheric variable at time t+ ∆t

• A−X,N andB−X,N are coefficients for the vertical diffusion resolution that are
calculated by the atmospheric model.

• F+
X,S is the surface flux of variable X

2.3 Operational Validation of SURFEX
The use of SURFEX as a new land surface scheme for the ALADIN and ALARO
models has been extensively tested during the last two years by several partners of
the ALADIN consortium. In Masson et al. (2013), SURFEX was tested within the
ALADIN model running over France and using the FMR radiation scheme. Those
authors found that the introduction of SURFEX had a neutral impact for surface
pressure, precipitations, total cloudiness and 10 m wind direction but improved the
scores for the 2 m temperature and humidity and 10 m wind speed. In this section a
more complete set of tests will be presented over the operational Belgian domain.

At the Royal Meteorological Institute (RMI) of Belgium, the operational ver-
sion of the code is the ALARO configuration, running with the ACRANEB radi-
ation scheme and ISBA, with a resolution of 7 km and 4 km (see Fig. 2.7). Tests
were carried out to replace the ISBA scheme with SURFEX for the 7 km domain
and, additionally, making a comparison by switching on TEB for the 4 km high-
resolution domain. The primary goal of this study is to examine the operational
viability of ALARO coupled with SURFEX. As a result, the set-up of the ALARO
model was designed to mimic an operational configuration over the domain pre-
sented in Fig. 2.7. It is a regular grid on a Lambert projection, with its centre at
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(50.57◦ N, 4.55◦ E), and the domain is vertically divided in 46 layers, separated
by hybrid pressure terrain-following levels (Simmons and Burridge, 1981). The
height of the lower layer is about 17 m above the ground. The model time step is
300 s and 180 s for the 7 km and 4 km domain, respectively. The ALARO model
is run operationally four times a day (at 6 h interval) based on analyses coming
from the ALADIN France analyses, which is the model providing also the 3 h lat-
eral boundary coupling data. Forecasts of 60 h and 36 h are issued from the 00:00,
06:00, 12:00 and 18:00 UTC nominal analysis times for the 7 km and 4 km do-
main, respectively. Vertical model fields are post-processed by interpolation of
fields onto pressure or altitude levels each hour. For non-urban surfaces, the SUR-
FEX scheme diagnoses the 2 m temperature, 2 m relative humidity and 10 m apply-
ing the interpolation method of Geleyn (1988). For urban areas, the standard 2 m
temperature, 2 m humidity and 10 m wind are obtained from the diagnosed TEB
canyon temperature, humidity and wind, respectively. Three tiles are activated
(sea, nature, lakes) (town is replaced by rock for the 7 km domain, while TEB is
used for the 4 km domain). A three-layer force-restore version of ISBA is used (in-
stead of the former two-layer version) with a one-layer snow scheme of Douville
et al. (1995). The ECUME (Exchange Coefficients from Unified Multi-campaign
Estimates) parametrization of sea surface fluxes is used over seas (Belamari and Pi-
rani, 2007). It is a bulk iterative scheme developed in order to obtain an optimized
parametrization covering a wide range of atmospheric and oceanic conditions,
while ALARO used the classical Charnock formula (Charnock, 1955)(Charnock,
1955). Physiographic data have also been improved compared to the one used by
ALARO (GTOPO30, ECOCLIMAP (Masson et al., 2003), and FAO maps (FAO,
2006) for soil texture).

For two months (January 2010 and July 2010), a series of simulations is per-
formed, with (OPER + SFX) and without SURFEX (OPER), with one simulation
of 36 h (60 h for the 7 km domain) each day, starting at 00:00 UTC (from the oper-
ational ALADIN French forecast model analysis). The comparison with observa-
tions is then done at each 3 h of forecast time. The results are presented separately
for the two months, representing the two types of season and for stations located
in flat topography, high-elevation and coastal environments. The statistical scores
computed are the bias and the root-mean-square error (rmse) between model and
observations for all simulations (31 in January and 31 in July). The statistical
significance of the differences between OPER+SFX and OPER simulations will
be quantified by confidence intervals computed with bootstrap techniques (Wilks,
1995). Confidence intervals are calculated by re-sampling the 31-fold samples, for
January and July, 1000 times and taking the 2.5 % and the 97.5 % percentiles of
|bias|/rmse{OPER + SFX}− |bias|/rmse{OPER} as lower and upper value to get a
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Figure 2.7: Domains corresponding to the 7 km (border of the panel) and 4 km (dashed
lines) operational applications.

95 % confidence interval for the difference. For instance, this means that a null hy-
pothesis – “the difference of two bias/rmse is negative and there is an improvement
when using SURFEX” – is accepted with a 97.5 % confidence level.

The parameters that are compared are 2 m temperature, 2 m relative humidity
and 10 m wind. We recognize that single-station measurements cannot capture
the spatial variability within the ALARO grid cells. In an ideal situation, a high
sampling density of measurements would be used to provide a spatial average to
validate the performance of the model.

2.3.1 2 m temperature

Figure 2.8 presents the scores obtained for the Uccle station, which is situated
some 6 km south of Brussels in a suburban area (50.80◦ N, 04.35◦ E), and Fig. 2.9
shows the improvement in bias and rmse obtained when using SURFEX. The 95 %
confidence intervals for |biasOPER + SFX| − |biasOPER| and rmseOPER + SFX− rmseOPER

were calculated with the bootstrap method explained above. Table 2.2 shows the
average daytime/night-time scores for the flat (less than 100 m altitude), high-
elevation and coastal synoptic stations (total of eight stations belonging to the
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Figure 2.8: Statistical scores of 2 m temperature against observations at the suburban
Uccle station (bias: thick line; rmse: thin lines) for January (top) and July (bottom) for
ALARO without SURFEX (OPER, solid lines) and with SURFEX (OPER + SFX, dashed

lines) simulations.

synoptical network of the Royal Meteorological Institute of Belgium), where the
+ sign means improvement, 0 means neutral effect, and the − sign means degra-
dation of the scores with respect to the 95 % confidence levels calculated with the
bootstrap method.

During the winter night-time (which is longer in January than in July), fore-
casted 2 m temperatures are generally colder than observations over Belgium for
both simulations, with and without SURFEX. The origin of the cold bias is that the
model physics yields too little near-surface vertical turbulent mixing during calm
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2 m temperature Flat + + + 0
High 0 − 0 +
Coast 0 0 + 0

Wind speed at 10 m Flat + 0 + 0
High 0 0 0 0
Coast + 0 + 0

Wind direction at 10 m Flat 0 0 0 0
High 0 0 0 0
Coast 0 0 0 0

2 m relative humidity Flat + + + 0

Table 2.2: The average daytime/night-time scores for the flat/high-elevation and coastal
synoptic stations. The + sign means improvement, 0 means neutral effect and the − sign

means degradation of the scores.

night-time conditions (i.e. stable night-time low-level temperature inversions, re-
ferred to as the stable boundary layer). This problem is amplified in the cold
season because of longer nights, the increased tendency during the cold season of
night-time winds to become very weak, and the cooling effect of snow cover yield-
ing even stronger night-time temperature inversions (see Hamdi et al. (2009) for
more details). Moreover, the night-time situation has a positive feedback character,
because as the low-level inversion sets in, the surface vertical turbulent mixing of
heat falls off, which in turn acts to strengthen the inversion and so forth. Moreover,
Best and Hopwood (2001) found that the choice of stability functions at night can
have significant impact on both the surface temperature and the sensible heat flux
and therefore on the diagnostic of screen temperature in stable situations. In fact,
using Monin–Obukhov similarity theory with log-linear stability functions cuts off
the flux of heat with increasing stability too quickly compared to the observations
(Best and Hopwood, 2001). This leads to incorrect lower surface temperatures as
the warmer atmospheric air is no longer mixed down to the surface (Masson and
Seity, 2009). The average mean bias and rmse for the Uccle station (Flat) are sig-
nificantly reduced when using SURFEX. It can also be seen from Fig. 2.9 that the
improvement of bias and rmse is statistically significant. The average mean bias is
significantly reduced when using SURFEX, with an average of +2 ◦C for OPER
versus almost zero for OPER + SFX at the Uccle station.
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Figure 2.9: The improvement in bias (left) and rmse (right) of the 2 m temperature
obtained when using SURFEX for January (top) and July (bottom). The 95 % confidence
intervals for |biasOPER + SFX| − |biasOPER| and rmseOPER + SFX− rmseOPER were

calculated with the bootstrap method.

It can also be seen from Table 2.2 that OPER + SFX simulation gives better
results at the coast. The improvement of bias and rmse during the summer is sta-
tistically significant. For the high-elevation synoptic station, the use of SURFEX
has a neutral impact on the scores and the null hypothesis is not accepted during
winter and summer.

During winter, OPER + SFX has a tendency to produce a too high maximum
temperature at a high-elevation station. The average mean bias is significantly
warmer when using SURFEX, with an average of 1 ◦C for OPER versus 1.5 ◦C for
OPER + SFX. It can also be seen from Table 2 that OPER+SFX did not give any
improvement and the null hypothesis is not accepted during the winter. However,
during the summer, OPER + SFX gives an improvement. For the flat topography
and coastal synoptic stations, the use of SURFEX either shows improvement for
or has a neutral impact on the scores.
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2.3.2 2 m relative humidity

Figure 2.10 presents the scores obtained for the Uccle station and Fig. 2.11 shows
the improvement in bias and rmse obtained when using SURFEX. Table 2.2 shows
the average daytime/night-time scores. The temperature results correlate with the
2 m relative humidity results that show a large improvement during winter and
summer. It can also be seen from Fig. 2.11 that during winter, the OPER + SFX
significantly improve the scores. However, during the summer, the improvement
is only seen during the night-time.

As can be seen from Figs. 2.12 and 2.13 and Table 2.2, the use of SURFEX
has a neutral impact on the 10 m wind direction, while it improves the 10 m wind
speed during the night for flat and coastal stations.
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Radiative balance
Longwave ↓ 0 0 0 0
Longwave ↑ 0 0 + 0
Shortwave ↓ 0 0 0 0
Shortwave ↑ 0 0 0 +
Energy balance
Latent heat flux 0 + 0 +
Sensible heat flux 0 0 0 +
Storage heat flux + + + +

Table 2.3: The average daytime/night-time scores for the radiative balance, energy
balance at the Cabauw tower station. The + sign means improvement, 0 means neutral

effect and the − sign means degradation of the scores.

2.3.3 Surface fluxes: test with data from Cabauw tower

The Cabauw tower is situated in the central river delta in the south-western part of
the Netherlands, 0.7 m below mean sea level. The surroundings are flat and consist
of meadows and ditches with scattered villages, orchards and lines of trees. The
immediate surroundings of the tower are free of obstacles up to a few hundred
metres in all directions, with the local surface consisting mainly of short grass.
For the predominant wind direction (south-west), the flow is unperturbed over an
upstream distance of about 2 km. The routine observations include profiles of wind
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speed, wind direction, air temperature and dew point temperature at 10, 20, 40, 80,
140 and 200 m above ground level. The temperature is also measured at 2 m, and
fluxes of momentum and heat at 5 m. In addition, there are sensors for a number of
surface radiation fluxes and precipitation at the site (see www.cosmo-model.
org/srnwp/view/). Figure 2.14 presents the scores obtained with the 4 km
domain for the 2 m temperature at the Cabauw station, and Fig. 2.15 shows the
improvement in bias and rmse obtained when using SURFEX. Table 2.3 shows
the improvement in the radiative balance and energy balance for the following
parameters: (1) downward longwave radiation, (2) upward longwave radiation, (3)
downward shortwave radiation, (4) upward shortwave radiation, (5) sensible heat
flux and (6) latent heat flux, and (7) storage heat flux.

2.3.3.1 Night-time

Just as found for the Uccle station, the average mean bias and rmse for the Cabauw
station are significantly reduced during the summer when using SURFEX (see
Fig.2.14). It can be seen from Fig. 2.15 that the improvement of bias and rmse
is statistically significant. During the summer the average mean bias is signif-
icantly reduced, with an average of +1.5 ◦C for OPER versus almost zero for
OPER + SFX. During the winter, the OPER + SFX simulation did not give any
improvement and the null hypothesis is not accepted. As it can be seen from Ta-
ble 5, there is also a significant improvement of the upward longwave radiation
and storage heat flux during the summer night-time. In fact, the average mean
bias and rmse of the storage heat flux is significantly reduced when using SUR-
FEX (not shown), with an average overestimation of 10 W m−2 for OPER + SFX
versus 34 W m−2 for OPER. The use of SURFEX has a neutral impact of the par-
titioning between sensible and latent heat flux during summer and winter (their
values are very small during the night).

2.3.3.2 Daytime

During daytime, the use of SURFEX has a neutral impact on the 2 m temperature
at the Cabauw site. However, as it can be seen from Table 2.3, there is a significant
improvement of the upward shortwave radiation. In fact, the average mean bias
and rmse of the upward shortwave radiation flux is significantly reduced (up to
10 W m−2, not shown) during the summer when using SURFEX. There is also a
significant improvement of the surface heat flux, especially during the summer,
with a reduction (not shown) up to 20 W m−2 in the rmse of sensible and latent
heat flux. These improvements in the upward radiative flux and surface heat flux
when using SURFEX are probably due to (i) the use of improved physiographic
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data within the ECOCLIMAP database compared to the one used by ALARO, and
due to (ii) the tiling approach used in SURFEX since TEB was also activated for
the 4 km domain. Finally a three-layer force-restore version of ISBA is used within
SURFEX instead of the former two-layer version used by ALARO.

2.3.4 Precipitation

In order to investigate the influence of introducing SURFEX on winter and summer
precipitation, the precipitation fields of the run with (OPER + SFX) and without
SURFEX (OPER) are verified against a quantitative precipitation estimates with a
radar-gauge merging method (Goudenhoofdt and Delobbe, 2009) using the SAL
(structure, amplitude and location) method of Wernli et al. (2008). This method
characterizes the quality of a forecasted precipitation field by means of three com-
ponents: structure, amplitude and location. The structure component characterizes
the size and shape of the precipitation objects and ranges from −2 (predicted pre-
cipitation objects too small or too peaked) to 2 (predicted precipitation objects too
large or too flat). The value of S = 0 indicates that the model has the correct
structure. The amplitude component also varies between−2 and 2, with a value of
−2 indicating an under-predicted total precipitation amount, a value of 2 indicat-
ing an over-predicted total precipitation amount and 0 denoting a perfect forecast
in terms of amplitude. Finally, the location component quantifies whether the pre-
dicted precipitation objects are situated at the correct location, and ranges from
0 (predicted precipitation objects at correct position) to 2 (predicted precipitation
objects at incorrect position). Figure 2.16 shows the structure and amplitude pre-
cipitation scores for January 2010 for the ALARO 7 km with (SFX) and without
(OPER) SURFEX against radar observations. As a sensitivity test, SAL scores
were also computed for the run with SURFEX against the operational runs. Table
2.4 presents the average (for January and July 2010) SAL scores for the 4 km and
7 km runs with and without SURFEX.

From Fig. 2.16 and Table 2.4, it appears that the use of SURFEX has a neutral
impact on the three components of the SAL method when comparing the ALARO
runs against the observations. However, it seems that the use of SURFEX tends
to cause rainfall to be locally concentrated (S < 0), and the total accumulated pre-
cipitation decreases slightly (A< 0). When comparing the 4 km runs against ob-
servations during July 2010, this effect becomes clearer, with A = 0.0548 for
OPER against A = 0.0161 for OPER + SFX. Thus the use of SURFEX slightly
reduces the bias of the total precipitation amount (the cross marker is closer to the
centre, not shown). Hamdi et al. (2012) found that the implementation of TEB
within SURFEX for the 4 km run during the summer tends to cause rainfall to be
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locally concentrated, and the total accumulated precipitation obviously decreased,
but extended validation would be needed to address this further.

7 km

OPEROBS OPER + SFXOBS OPER + SFXOPER

January S 0.2084 0.2195 −0.0615
A 0.4682 0.4842 −0.0187
L 0.0536 0.0555 0.0352

July S 0.1004 0.1417 −0.0300
A 0.1722 0.1567 −0.0180
L 0.2634 0.2549 0.0187

4 km
OPEROBS OPER + SFXOBS OPER + SFXOPER

January S 0.1842 0.1995 −0.0378
A 0.4461 0.4481 −0.0202
L 0.0609 0.0630 0.0152

July S 0.0831 0.0857 −0.0219
A 0.0548 0.0161 −0.0506
L 0.2424 0.2523 0.0356

Table 2.4: The average (for January and July 2010) S (structure) A (amplitude) L
(location) scores, for the 4 km and 7 km runs with (OPER+ SFX) and without SURFEX

(OPER) against radar observations. A third column is added for each run corresponding
to the SAL scores for the run with SURFEX with respect to the operational run.

2.3.5 Validation Conclusions

This validation study was motivated by the desire to evaluate the performance of
SURFEX as a new land surface scheme for the ALADIN and ALARO model.
The aim of the study is not to fully reproduce the model behaviour while replac-
ing the old ISBA scheme with the SURFEX-ISBA scheme, but rather we would
like, by exhibiting the new features developed in SURFEX, to reproduce fore-
cast performances equivalently or better in terms of the set of verification scores.
The results over Belgium show that the introduction of SURFEX either shows
improvement for or has a neutral impact on the 2 m temperature, 2 m relative hu-
midity and 10 m wind. However, it seems that SURFEX has a tendency to produce
a too high maximum temperature at a high-elevation station during winter day-
time, which degrades the scores. In addition, surface radiative and energy fluxes
improve compared to observations from the Cabauw tower. It was found that the
use of SURFEX has a neutral impact on the precipitation scores. However, the
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implementation of TEB within SURFEX for the high-resolution 4 km run tends
to cause rainfall to be locally concentrated and the total accumulated precipita-
tion obviously decreases during the summer. Overall, it can be stated that forecast
performance can be improved on average when using SURFEX in ALARO.

2.4 Summary
In this chapter we described the effect of the surface on the atmosphere and on
NWP forecasts. The surface has an important effect on short and medium range
forecasts through the evapotranspiration-precipitation cycle. The surface deter-
mines the exchange of energy and water between the soil and the atmosphere by
the partitioning of the sensible and latent heat fluxes. These fluxes in turn affect
the planetary boundary layer and cloud formation. These processes show the im-
portance of a good soil parametrization in NWP models. Common features of land
surface parametrizations are the presence of patches for different soil and vegeta-
tion types, at least two prognostic equations for water content and temperature of
the soil, a separate handling of snow and frozen soil cases and the calculation of
fluxes with Monin Obukhov theory.

In a second part of this chapter we described the surface model SURFEX,
which we will use for our surface data assimilation in the following chapters.
SURFEX was validated in combination with the NWP-model ALARO and it was
shown that the forecast performance on average improves when using SURFEX
compared to using the ISBA set-up.

Due to the long memory of the soil, errors in the soil initialisation will have
a long lasting detrimental effect on the forecast scores. Therefore it is important
to have a good soil initialization. In the next chapter we will discuss different
methods for soil and atmospheric initialisation and show how this is done in the
specific case of SURFEX and ALARO.
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Figure 2.10: Statistical scores of 2 m relative humidity against observations at the
suburban Uccle station (bias: thick line; rmse: thin lines) for January (top) and July

(bottom) for ALARO without SURFEX (OPER, solid lines) and with SURFEX
(OPER + SFX, dashed lines) simulations.
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Figure 2.11: The improvement in bias (left) and rmse (right) of the 2 m relative humidity
obtained when using SURFEX for January (top) and July (bottom). The 95 % confidence

intervals for |biasOPER + SFX| − biasOPER| and rmseOPER + SFX− rmseOPER were
calculated with the bootstrap method.
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Figure 2.12: Statistical scores of 10 m wind speed and direction against observations at
the suburban Uccle station (bias: thick line; rmse: thin lines) for January (top) and July

(bottom) for ALARO without SURFEX (OPER, solid lines) and with SURFEX
(OPER + SFX, dashed lines) simulations.
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Figure 2.13: The improvement in bias (left) and rmse (right) of the 10 m wind speed
obtained when using SURFEX for January (top) and July (bottom). The 95 % confidence
intervals for |biasOPER + SFX| − |biasOPER| and rmseOPER + SFX− rmseOPER were

calculated with the bootstrap method.
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Figure 2.14: Statistical scores of 2 m temperature against observations at the Cabauw
station (bias: thick line; rmse: thin lines) for January (top) and July (bottom) for ALARO

without SURFEX (OPER, solid lines) and with SURFEX (OPER + SFX, dashed lines)
simulations.
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Figure 2.15: The improvement in bias (left) and rmse (right) of the 2 m temperature
obtained when using SURFEX for January (top) and July (bottom). The 95 % confidence
intervals for |biasOPER + SFX| − |biasOPER| and rmseOPER + SFX− rmseOPER were

calculated with the bootstrap method.
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Figure 2.16: Structure and amplitude precipitation scores of the 7 km ALARO run for
January 2010. Against radar observation (top), the OPER run (left) and the run with

SURFEX (right). The run with SURFEX against the operational run (OPER) (bottom),
where each point corresponds to 1 day. The cross indicates the weighted mean.





3
Data Assimilation

In the previous chapter we demonstrated that the soil has an important impact on
the weather forecast. We argued that a good soil parametrization is necessary in
NWP models to improve the weather forecasts and described in detail the surface
scheme SURFEX. Having a good (surface) model that efficiently integrates all the
important surface processes is not enough to get a good prediction (cfr. chapter 1).
An accurate initialisation of the model is also crucial to get an accurate prediction
and NWP is therefore an initial value problem.

In this chapter we will introduce data assimilation theory to create initial condi-
tions for NWP and land surface models. First we will explain the general theory of
data assimilation and the data assimilation cycle. Next, we will discuss a number
of data assimilation methods for soil and atmospheric initialisation and link these
to the specific models SURFEX and ALARO. The methods will be illustrated with
a few initial experiments. For the upper-air assimilation we limit ourselves to the
three dimensional variational method.

3.1 General Introduction to Data Assimilation

Fisher (2013) defines data assimilation as ”the process of approximating the true
state of a geophysical system at a given time”. Data assimilation techniques com-
bine observations and model data to estimate the actual true state of the system.
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While, strictly speaking, balance requirements are not a part of data assimilation
theory, they are generally incorporated in these techniques. For example, in upper-
air assimilation for NWP models the analysis must respect the geostrophic bal-
ance for the mass- and momentum field variables to avoid large-amplitude inertia-
gravity waves during the spin-up period of the forecast. Hence, data assimilation
is more than statistics to combine observations with the model state. Data assimi-
lation is also tightly linked to the model itself.

3.1.1 Data Assimilation Theory

The goal of data assimilation is to construct an analysis, i.e. a gridded set of initial
values that define the spatial variability of the model variables at the initial time
of a forecast (Warner, 2011). The primary source of information for the analy-
sis is a set of observations of the true state. It is important to keep in mind that
these observation values are not the values of the true state due to observation
measurement errors and representation errors. In most cases the number of obser-
vations is not sufficient because observations are sparse and only indirectly related
to the model variables. Therefore the analysis problem is an under-determined
problem. To solve this, a background (an a priori estimate of the model state) is
used as complementary information. This background could for example be a cli-
matology or a previous forecast valid at the analysis time. The latter allows the
information to accumulate in time into the model and propagate to all the model
fields. To propagate the information from the observed model variables to other
non-observed variables, data assimilation takes advantage of the consistency con-
straints and physical properties of the model.

The atmospheric state of the model is represented by the state vector x. If this
vector contains the background estimate of the true state it is denoted by xb, while
the analysis is denoted by xa. In practice the model state is often too large to solve
the analysis problem for all its components. The problem is therefore solved in
a smaller space, the control variable space, containing only those variables that
cannot be derived from other model variables and thus are necessary to propagate
the model forward in time. The analysis can then be defined as the correction
(increment) δx of the background xb as close as possible to the true state xt:

~xa = ~xb + δx (3.1)

The observation values are expressed by an observation vector y. Due to a lack
of observations that correspond directly with the model variables, observations are
often only indirectly related to model variables. For example, the measurements of
satellites are related to the temperature distribution in the atmosphere, but do not
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directly measure it. Instead the satellite measure radiances, that given the compo-
sition of the atmosphere, can be converted to the temperature profile. Observations
are also irregularly distributed in space and their locations do not correspond to the
model grid so an interpolation is required to be able to compare the observations
and the model values at the same location. In order to compare the observations
with the model variables, an observation operator H is required. This operator
transforms the model state into its corresponding observation values. The obser-
vation operator is a combination of an interpolation from the model grid to the
observation locations and a conversion from the model variables to the observed
variables. For example in the case of a satellite measurement, the observation
operator would use the model composition and temperature profile of the atmo-
sphere, to compute the equivalent radiances that would be measured according to
this model state, and makes the interpolation to the satellite observation locations.
Then the model simulated radiances can be compared to the measured radiances
by the satellite. The calculation of the increments is then based on the difference or
departure between the observations and the model equivalent of the observations
according to the model state vector:

~y −H(~x) (3.2)

From a model background state one can, in principle compute what the ob-
servation instrument will observe, in case the model state is true. The aim of the
assimilation process is then to adjust the model state such that the model equivalent
of the observation becomes close to the measured observations that represent the
true state as observed within the errors. Over time, after a few assimilation cycles
in which the model state is each time corrected to match the measured observa-
tions, the model should get closer and closer to reality. This is called the spin-up
period and it is used to remove systematic errors from the assimilation system.
In a perfect model, as data assimilation theory usually assumes, there would be
no systematic errors and thus no spin-up period. However, in practice a model is
never perfect and a spin-up period must be taken into account.

The uncertainty in the background, observations and analysis are represented
by means of error covariance matrices, respectively B,R and A. Data assimila-
tion theory assumes unbiased errors and positive definite error covariance matrices.
The observation and background errors are assumed to be mutually uncorrelated.
Furthermore, for the observations errors, it is often assumed that observations from
different measurement stations are uncorrelated, resulting in a diagonal or block-
diagonal R-matrix. Contrary to the observation error correlations, the background
error correlations are usually not assumed to be zero. The background error cor-
relations take care of a number of important aspects of the analysis. They are
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responsible for the information spreading in data sparse regions, the information
smoothing in data dense regions and for spreading the observation information to
other, not-observed variables by incorporating the balance properties of the model
(eg. the geostropic and hydrostatic balance). The computation of the B-matrix
will be explained in the next section.

The analysis is obtained by minimizing the distance between the observations
and the background equivalent of the observations, weighed by their relative un-
certainties. This can be expressed by the minimization of a cost function in the
following way:

J(~x) = Jb(~x)+Jo(~x) =
1

2
(~x−~xb)TB−1(~x−~xb)+

1

2
(~y−H(~x))TR−1(~y−H(~x))

(3.3)
The minimum of this cost function is reached for the gradient of J equal to

0. In the ideal case, the optimization problem is quadratic and there is only one
solution.

∇xJ(~xa) = 0 = B−1(~xa − ~xb) + HTR−1(~y −H(~xa)) (3.4)

If the observation operator H is approximately linear, it can be expressed by a
first order Taylor expansion:

H(x+ δx) = H(x) + HT δx. (3.5)

Substituting equation 3.5 into 3.4 gives the following:

∇xJ(~xa) = 0 = B−1(~xa − ~xb) + HTR−1(~y −H(~xb)−H(~xa − ~xb)) (3.6)

The formulation of the Best Linear Unbiased Estimate (BLUE) can then be
found by rearranging the previous equation into the following:

~xa = ~xb + BHT (HBHT + R)−1(~y −H(~xb)) (3.7)

with BHT (HBHT +R)−1(~y−H(~xb)) corresponding to the increment (δx)
of equation 3.1.

Under these assumptions the minimization of the cost function is thus equiva-
lent to the optimal least-squares estimator.

3.1.2 The Data Assimilation Process

Before reaching the minimization step a number of other steps are required. Since
observation measurements are prone to errors, a good quality control mechanism
is extremely important for data assimilation. Furthermore observations usually
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have to be transformed from one format to another. The background and error
covariance matrices have to be estimated and in case of a Limited Area NWP
Model (LAM) the Lateral Boundary Conditions (LBCs) need to be loaded. Here
we will describe these preparatory steps and provide an overview of the full data
assimilation cycle.

3.1.2.1 Observation Quality Control and Error Statistics

Errors in observations can be caused by a number of different factors. Systematic
biases, eg. caused by calibration problems of the measurement instrument, should
first be filtered out of the data. Observation stations or instruments that are known
to regularly provide bad data, can be blacklisted and filtered out of the data-set.
One has to make sure all the values are within the physical limits, sensor limits
and climatological limits of the variable. Suspicious values can be flagged and/or
removed from the data. A temporal and spatial consistency check can also report
suspicious values if the observed fields are known to be spatially and temporally
smooth, which is often the case for meteorological variables. Finally one can
compare the observation values with the corresponding values of the background
and flag observation values as suspicious that deviate to much from the first guess.

Besides quality control to remove erroneous observation values, random small
errors might still be present in the data. While observations represent conditions
at one point in space, the model variables of the initial conditions represent a grid-
box area average. Furthermore, for frequently observed observations the value is
sometimes averaged in time if only one observation every several hours is needed,
while the model initial conditions represent a value at one specific time. This mis-
match in representation (i.e. the representativeness error) and the random noise on
the observation values is incorporated in the error covariance matrix. Since the true
state of the atmosphere cannot be known, error statistics have to be estimated. The
observation error variances are mainly estimated according to the knowledge of
the observation instrument. The error correlations are often assumed to be zero for
distinct instruments. Although this is a reasonable approach, error correlations can
still occur due to common observation preprocessing, errors in the design of the
observation operator and representativeness errors. Unaccounted correlations in
the observation errors cause the observation and background errors to look smaller
and will reduce the weight given to the information in the observations.

3.1.2.2 The Background error statistics estimation

In NWP the most common methods for the estimation of the background error
statistics are the following:
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• Monte Carlo method This method uses a number of model states with ran-
dom generated input to estimate the correlations and standard errors of the
model forecast. Usually these statistics are calculated with a single column
model and for a range of external forcings and physiographic settings.

• NMC method The NMC method (Parrish and Derber, 1992) was named af-
ter the United States’ National Meteorological Center (NMC) spectral model
for which it was first developed and uses differences between forecasts with
different ranges valid for the same time. The method assumes that differ-
ences between these forecasts are representative for the forecast errors.

• Ensemble method The ensemble method (Berre et al., 2006; Ştefănescu
et al., 2006; Fisher, 2003; Pereira and Berre, 2006) uses an ensemble of
independent parallel assimilation experiments with perturbed observation
values to estimate the error statistics. The differences between the ensemble
members provides the estimate of the uncertainties in the analysis.

A comparison of these three techniques can be found in Fischer et al. (2005).

3.1.2.3 Overview of the Data Assimilation cycle

Figures 3.1(a) and 3.1(b) show the data assimilation cycle. This is typically a
six hourly cycle, although a more rapid cycling (eg. three hourly or hourly) is
also widespread nowadays. The cycling begins with an initial forecast to provide
the background or first guess. The data assimilation algorithm then combines the
background with the preprocessed observations and produces an analysis. This
analysis serves as initial conditions to launch a new forecast, which serves as a
background for the next assimilation cycle. For example, in case of a 6-hourly
cycle, the +6h forecast will serve as the background for the next assimilation cycle,
but the forecast can continue beyond the +6h forecast to produce the operational
forecast of +48h or even +10days.

When running a limited area model (LAM), there are two options to initialize
a forecast. Either one runs a local data assimilation cycle or one uses the down-
scaling approach. The process of running a local data assimilation cycle for a
LAM is very similar to the process in figure 3.1(a), except that it is now run on
a smaller domain. The other difference is that the forecast-step now also needs
Lateral Boundary Conditions (LBCs) to run the LAM. The LBCs are derived from
a global model forecast and provide the LAM with information at the boundaries
of the domain. This is especially important to capture the larger scale flows that
pass through the smaller domain (Fischer et al., 2005).
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The other possibility to initialise a LAM is the downscaling or dynamical adap-
tation approach, which is explained in figure 3.1(c). The data assimilation cycle is
run on a global model after which the analysis is dynamically interpolated to the
smaller (and often higher resolution) domain of the LAM. The downscaling pro-
cess creates an initial state on the smaller, higher resolution domain and a LAM
forecast is integrated directly from this interpolated state (after an initialization
step). Downscaling interpolates the global analysis to the higher resolution grid of
the LAM and performs some numerical integration at these higher resolutions to
improve the representation of orography and physiography (Zagar and Rakovec,
1999). This is a widely used strategy to produce high resolution forecasts over
a region of interest (Denis et al., 2002). It allows one to perform simulations at
high resolutions on a smaller domain with an affordable computational cost. It
takes into account a finer orography, surface heterogeneities and produces locally
sharper structures or gradients (Fischer et al., 2005). In ARPEGE and ALARO a
number of different schemes are available to impose the lateral-boundary condi-
tions (Davies, 1976; Radnóti, 1995; Termonia et al., 2012).

The added value of a local assimilation cycle compared to the global assimila-
tion cycle, is that the observations are assimilated directly in a finer resolution grid.
This allows the initial state to absorb more fine scale information compared to as-
similation in a global model with a larger resolution. On top of that, high-density
observations, like radar observations or GPS zenith delay observations, can only
successfully be assimilated in high resolution models. In lower resolution grids,
the small-scale structures that are typically present in high-density observations
will be filtered out as noise during the model-spin-up and the information in the
high-resolution observations will be rejected. The availability of high-frequency,
high density radar data (eg. from the radars in Jabbeke and Wideumont) and GPS
ZTD data at the RMI in Belgium offers great opportunities to improve the opera-
tional weather forecasts. In this thesis we take the first steps towards this goal by
setting up a basic data assimilation cycle.
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(a) Schematic overview of the data assimilation cycle.

(b) Temporal overview of the data assimilation cycle. Figure from Warner (2011),
p.214.

(c) Schematic overview of the downscaling approach for a LAM.

Figure 3.1: Overview of the data assimilation cycle and downscaling approach.
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3.2 Surface Data Assimilation

Surface assimilation techniques can improve the boundary layer forecasts of an
NWP model considerably (Douville et al., 2000; Hess, 2001; Drusch, 2007). Al-
though land surface models have been improved considerably in the past two
decades, there are still a lot of uncertainties and errors in surface model parametriza-
tion and observations measurements of soil variables. In order to provide a good
initial surface state, the assimilation of surface observations into the land surface
model is thus necessary.

In this section we describe two data assimilation methods that we will use for
surface assimilation: Optimal Interpolation (OI) and an Extended Kalman Filter
(EKF). The most important difference between OI and the EKF is that for OI the
gain coefficients are static while the EKF uses dynamical Kalman gain coefficients.
The dynamical Kalman gain coefficients depend on the Jacobian of the model
observation operator and are more adapted to the changing meteorological forcing
and state of the soil.

3.2.1 Control Variables

In the two-layer version of ISBA, the evolution of the state of the soil is deter-
mined by four prognostic variables: superficial soil moisture content, root zone
soil moisture content, superficial surface temperature and root zone soil tempera-
ture. Therefore, these four variables will be the control variables (i.e. the variables
that take part in the analysis). The evolution of other surface related variables can
be derived from these.

3.2.2 Observations

The amount and frequency of direct soil observations, like root zone soil moisture
content and root zone soil temperature, is too limited for soil analysis. Therefore,
Douville et al. (2000) suggests to use screen-level temperature and screen-level
relative humidity as indirect observations for soil moisture content and soil tem-
perature. These screen-level observations are more frequently and numerously
available and in most situations they contain a lot of information about the soil
moisture content and soil temperature. The observation operator calculates in this
case the model equivalent of the screen-level temperature and relative humidity,
given the temperature and moisture content of the soil and the state of the lower
atmosphere.

However, the screen-level temperature and relative humidity forecast errors
are not always caused by errors in the soil variables (Draper et al., 2011). When
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the local soil moisture-atmospheric boundary layer feedback is weak, for exam-
ple in situations of weak radiative forcing or strong advection, the screen-level
observations do not provide any information about errors in the soil. The obser-
vation operator should thus also take into account the varying strength of the link
between the soil and the screen-level variables. Moreover, it would be useful to in-
clude other soil observation types in the soil analysis, for example remotely sensed
soil moisture (Draper et al., 2009, 2011), to compensate the lack of information in
the screen-level observations. These low-frequency microwave instruments can
be used to retrieve global-scale surface observations that provide information on
the soil moisture content in the top few centimetres of the soil. Recent satellite
launches such as the Advanced Scatterometer (ASCAT), instrument on board the
METOP satellites (Wagner et al., 2007), the Soil Moisture and Ocean Salinity
(SMOS) Mission (Kerr et al., 2010) and the Soil Moisture Active Passive (SMAP)
Mission (Entekhabi et al., 2010), have improved the coverage considerably and
it are these dedicated satellite missions that have partly driven the interest in soil
moisture data assimilation.

OI uses analytically derived coefficients, making it difficult to include new ob-
servation types in this technique. In cases where the link between the soil and the
screen-level variables is weak, the coefficients should be reduced using thresholds.
Still, these thresholds have to be predefined and are not tailored to the specific up-
per air and soil state at that moment in the given grid-point. To overcome these
difficulties, a new surface assimilation technique has been recently developed for
SURFEX: an Extended Kalman Filter (EKF) (Mahfouf et al., 2009). The advan-
tage of the EKF over OI are the dynamically calculated gain coefficients. They
make it easier to include new observation types and its observation operator au-
tomatically takes into account the situations in which there is only a weak link or
even no link between the soil variables and the atmospheric boundary layer. Hence
no hard-coded switches are needed to diminish or turn off the assimilation in such
cases. An EKF has been developed for SURFEX by Mahfouf et al. (2009), assim-
ilating screen-level temperature and relative humidity to correct soil moisture and
soil temperature. Their results indicate that OI and the EKF have similar gain coef-
ficients and increments. The EKF has been extended to include other observation
types, like AMSR-E soil moisture retrievals (Draper et al., 2009), radar precip-
itation information (Mahfouf and Bliznak, 2011), ASCAT surface soil moisture
(Mahfouf, 2010; de Rosnay et al., 2012). The EKF is also used operationally for
the soil moisture analysis at the ECMWF (de Rosnay et al., 2012).
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3.2.2.1 Observation Quality Control

Before using the observations in the analysis, they are subjected to a quality con-
trol procedure described in Taillefer (2002). First the observations are checked
for incorrect parameters and non-physical values. Observations from blacklisted
measurement stations are flagged. Next the departures between the observations
and the background are calculated and observations that depart too much from the
background are flagged as suspicious. Finally also a spatial control is performed,
to allow observations in the analysis that depart too much from the background if
there are several such observations close to each other.

3.2.2.2 Spatial Interpolation

Since the observations and the model grid points do usually not coincide, a spa-
tial interpolation is necessary, either from observation location to model grid or
the other way around. Assimilation techniques usually perform the analysis at the
observation locations and thus need an interpolation from model grid points to ob-
servation locations. The surface analysis techniques implemented for SURFEX,
however, perform the analysis in the grid-point location and therefore require an
interpolation from the observation locations to the model grid. This way, the anal-
ysis can be carried out locally on each grid-point separately, ignoring the spatial
correlations of land surface errors. This make the procedure computationally a lot
cheaper. Since a lot of computation time is necessary for the upper-air data assim-
ilation and the forecast itself, it is important that the surface analysis is carried out
as efficiently as possible.

In SURFEX the interpolation from observation location to model grid is done
using the Optimal interpolation method implemented in CANARI (”Code d’Analyse
N’ecessaire à ARPEGE pour ses Rejets et son Initialisation”) (Taillefer, 2002).
This means that the observations are combined with a model background in the
interpolation procedure. To limit the influence of the background as much as pos-
sible, the interpolation is performed with very small observation error variances.
This way, a lot of weight will be given to the observations and only very little
weight will be given to the background field. Still, the background is present in
this spatialisation so the observation errors and the model background errors can-
not be assumed to be zero. This will probably result in an underestimation of the
departures between the observations and the background, and hence in smaller in-
crements. However, by keeping the observation error variances so small, this effect
is very small.

Still it is important not to decrease the observation error variances too much.
Too small observation error variances reduce the possibilities to filter out the noise
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in the screen-level observations by spatial filtering, since for small observation
error variances only the observations will be taken into account and not the back-
ground information. In the set-up of this thesis the observation error variances
where reduced by a factor ten compared to the observation error variances of the
actual surface analysis. This results in very small observation error variances that
make sure the underestimation of the departures is minimal. However it could be
that these observation error variances are too small to still be able to filter out noise
in the screen-level observations. Additional experiments should be carried out to
find an optimal factor.

3.2.3 Optimal Interpolation

The basic idea in Optimal Interpolation (OI) is to split the analysis in a number of
boxes that are analysed independently (Fisher, 2013):

x(i)a = x
(i)
b +K(i)(y(i) −H(i)(xb)) (3.8)

K(i) = (BHT )(i)((HBHT )(i) +R(i))−1 (3.9)

Splitting the analysis into boxes greatly reduces the dimension of (HBHT )(i)+

R(i), making it feasible to invert it with direct solution methods. The disad-
vantage is that it is limited to simple observation operators since (BHT )(i) and
(HBHT )(i) have to be specified.

In NWP, Optimal Interpolation is commonly used as a soil analysis technique.
A local Optimal Interpolation to assimilate screen-level temperature and screen-
level relative humidity has been tested within SURFEX (Giard and Bazile, 2000;
Mahfouf et al., 2000, 2009) and is used operationally in various NWP centers. This
OI implementation reduces the box-size to one grid point, making it a point-wise
analysis. The analysis is performed on the model grid and the observations are
interpolated to the model grid using CANARI as explained in the previous section.
The observation operator that calculates the model equivalent values of the screen-
level temperature and relative humidity is the Geleyn-interpolation (Geleyn, 1988)
described in section 2.2.3.3 and appendix B. The equations for the OI scheme are
the following:

W a
g1 = W b

g1 + α1(T o2m − T b2m) + α2(RHo
2m −RHb

2m) (3.10)

W a
g2 = W b

g2 + β1(T o2m − T b2m) + β2(RHo
2m −RHb

2m) (3.11)

T ag1 = T bg1 + µ1(T o2m − T b2m) + µ2(RHo
2m −RHb

2m) (3.12)

T ag2 = T bg2 + ν1(T o2m − T b2m) + ν2(RHo
2m −RHb

2m) (3.13)
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The coefficients αi and βi were derived from Monte Carlo single column ex-
periments by Giard and Bazile (2000). They have an analytical formulation that
mainly depends on the diurnal cycle and the vegetation fraction. The multiple
regression formulation of the coefficients depends on soil texture, the active soil
moisture range (δw = wfc − wwilt), the local solar time (t∗), the cloudiness (Cl)
and vegetation characteristics (veg and LAI/Rsmin) (Balsamo, 2003). It can be
written in the following way:

α1 =
δw

δwr
(1−B1Cl

B2)(1− veg)[aT0 (t∗) + vegaT1 (t∗) + veg2aT2 (t∗)] (3.14)

α2 =
δw

δwr
(1−B1Cl

B2)(1− veg)[aRH0 (t∗) + vegaRH1 (t∗) + veg2aRH2 (t∗)]
(3.15)

β1 = δw
δwr

(1−B1Cl
B2)((1− veg)[bT0 (t∗) + vegbT1 (t∗) + veg2bT2 (t∗)]

+ veg
LAI

Rsmin
[cT0 (t∗) + vegcT1 (t∗)]) (3.16)

β2 = δw
δwr

(1−B1Cl
B2)((1− veg)[bRH0 (t∗) + vegbRH1 (t∗) + veg2bRH2 (t∗)]

+ veg
LAI

Rsmin
[cR0 H(t∗) + vegcR1 H(t∗)]) (3.17)

where δwr is a reference soil moisture range for loamy soil, B1 and B2 are em-
pirical coefficients that take into account the model cloudiness. The polynomial
terms aT/RHi , bT/RHi and cT/RHi are calculated with sensitivity experiments and
expressed as sinusoidal functions of the local solar time. In situations where the
screen-level variables are not influenced by the state of the soil (eg. precipitation,
clouds, strong wind, ...) the OI coefficients are reduced by means of predefined
thresholds. The coefficients µi and νi are constant (µ1 = 1, ν1 = 1/(2π) and
µ2 = ν2 = 0).

The coefficients represent the K-matrix from equation 3.9, incorporating the
R and B-matrices in their formulation. Each time a new observation type is in-
troduced in this method, the coefficients need to be recalculated with new Monte
Carlo experiments and new coefficients have to be added. Since this is a tedious
work, the Extended Kalman Filter (EKF), which will be explained in the next sec-
tion, was introduced as a new method. The EKF calculates the gain coefficients in
a more ad hoc manner. It explicitly defines the matrices B and R and calculates the
H matrix in a numerical way so that its values are valid for that specific time and



3-14 CHAPTER 3

place, without the need for any pre-calculated coefficients. This is in contrast with
OI, where the gain coefficients have a pre-defined analytical formulation that only
depends on a few parameters (such as the vegetation fraction and the cloudiness)
but is otherwise identical for all times and places.

3.2.4 The Extended Kalman Filter

Mahfouf et al. (2009) describe the EKF that has been developed within SURFEX.
The equation for the model state analysis of the EKF is:

~xta = ~xtb + BHT (HBHT + R)−1[~yto −H(~xt0b )] (3.18)

where subscripts a,b,o indicate the analysis, background and observations, such
that the analysis model state ~xa is equal to the sum of the background model state
~xb and an increment based on the observation departure [~yto − H(~xt0b )] and the
Kalman gain matrix BHT (HBHT + R)−1. t is the time step indicator, B is the
covariance matrix of background errors, R is the covariance matrix of observation
errors and ~y is the observation vector. H is the observation operator projecting
the model state onto the observation space. In the particular case of this study
the observation operator H is the product of the model state evolution from time
t0 = t−∆t to time t (the observation time), and the conversion of the model state
into an observation equivalent, as it is done in Mahfouf et al. (2009):

H (.) ∼ H(M (.)) (3.19)

The increments are thus applied at the end of the assimilation window instead
of at the beginning (like in Balsamo et al., 2004). This saves a model integration
starting from the analysis state. Furthermore, the B matrix is implicitly evolved
by the linearised model becauseH includes a model propagation.

H is the Jacobian of the observation operator, i.e. the linearised model ob-
servation operator. The use of this Jacobian allows the EKF to create dynamical
coefficients that depend on the specific conditions of each grid point and leads to
a relatively easy integration of new observation types in the EKF. Since the obser-
vation operator includes a model propagation from time t0 to time t, the Jacobian
of the observation operator reads:

δyt

δxt0
=
δyt

δxt
× δxt

δxt0
(3.20)

The numerical computation of the Jacobian uses a finite differences approach
in the following way:
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H =
δyt

δxt0
=
Hti(xt0 + δxj)−Hti(xt0)

δxj
(3.21)

A small perturbation δxj is added to one of the soil prognostic variables xj at
time t0. Then the perturbed model state is evolved from time t0 = t−∆t to time
t and at time t the evolved perturbed model stated is projected into observations
space to obtain the corresponding observation values yi(x+δxj). The value of the
Jacobian is determined by the difference between this perturbed model-equivalent
observation values Hi(x + δxj) and the reference model-equivalent observation
valueHi(x). The value of the Jacobian thus depends on how the observation value
changes after a ∆t run, when the soil prognostic variable is perturbed at the initial
time. The value δxj must be small enough to accurately approximate the derivative
but not too small to avoid round-off errors.

There are two possibilities for calculating the perturbed and reference Hi: by
means of a surface scheme coupled to an atmospheric scheme (coupled) or with
a surface scheme decoupled from the atmospheric scheme (offline), see figure 2.3
in the previous chapter. In the former case, feedback from the surface to the upper-
air atmosphere is possible. In the latter case, the atmospheric forcing is imposed
from the lowest model level (around 17m).

The model equivalent values of the observations (i.e. 2m temperature and 2m
relative humidity) are vertically interpolated from the surface to the lowest atmo-
spheric level around 17m following Monin-Obukhov similarity theory (Geleyn,
1988) as described in the previous chapter. This way, the screen-level variables
remain dependent on the soil variables, as is required by the Jacobian calculations
of the EKF. This is illustrated in figure 3.2. Only for an atmospheric forcing level
above the screen-level height, can a change in one of the soil variables (xi) lead
to a change in the screen-level values (yi). Mahfouf et al. (2009) explains that
the lack of coupling with the full planetary boundary layer in the offline SURFEX
runs, reduces the influence of the soil variables on the screen-level values. Despite
this reduced influence however, Balsamo et al. (2007) and Mahfouf (2007) show
that the EKF behaves as it should.

3.3 Upper-air Data Assimilation

In limited area models the focus of upper-air data assimilation is not on the large
scale conditions or baroclinic vertical structures, but on smaller scale aspects like
divergence, humidity distribution, vertical velocity and total liquid/solid water
content (Fischer et al., 2005). By obtaining a good initial state for these vari-
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Figure 3.2: The influence of the height of the atmospheric forcing level in an offline
SURFEX run on the calculation of the Jacobian of the observation operator of the EKF.

The 2m values (yi) are interpolated between the surface (xiT) and the lowest model level
according to Geleyn (1988). The solid curve indicates the reference, unperturbed run
profile and the dashed curve represents the perturbed run profile. Non-zero Jacobian

elements are possible when the forcing level is above 2m (left), while the 2m values remain
unchanged in the perturbed run when the forcing level is at 2m (right). This figure was

adapted from Mahfouf et al. (2009)

ables, LAM data assimilation aims to improve short-range weather predictions at
the meso-scale (S̆ikor et al., 2003). Therefore it is important to include as much
local high-density observations as possible. Examples of such high-density obser-
vations are radars and zenithal delays from GSP signals. In order to prepare for
a data assimilation cycle that handles such high density observations, one of the
goals of this research is to set up and test a basic upper-air data assimilation cycle
that later on can be extended to include the high-density observations.

For the upper-air assimilation system the incremental1 three dimensional vari-
ational (3D-Var) assimilation system will be used that has been developed for the
ALADIN/ALARO model. The ALADIN-3D-Var system is closely related to that
of its global counterpart, the ARPEGE/IFS system. It uses the same incremental
formulation, observation operators, minimization technique and data flow as the
3D-Var global assimilation system in ARPEGE/IFS which is described in Courtier
et al. (1998). A more detailed description of the ALADIN-3D-Var system can be

1Not to confuse with the increment δx from section 3.1. The term ’incremental’ here refers to the
iterative way of solving the analysis problem, while the ’increment’ in section 3.1 refers to the value
that is added to the background value.
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found in Fischer et al. (2005).

3.3.1 Control Variables and Observations

The control variables for the ALARO 3D-Var system are vorticity, divergence,
temperature, surface pressure and specific humidity. Scale-dependent statistical
regressions separate the balanced and unbalanced components of the control vector
that mimic the atmospheric balances (Parrish et al., 1997; Derber and Bouttier,
1999). The properties of these statistical balances are described in Berre (2000);
Sadiki et al. (2000); Montmerle et al. (2006).

In the first step towards an operational upper-air assimilation cycle for the RMI
in Belgium, the 3D-Var analysis only uses conventional observations, i.e. no satel-
lite observation or high-density observations. Conventional observations include
the following:

• radiosondes (TEMP observations) that measure temperature, relative humid-
ity, pressure and in some cases wind speed and wind direction.

• SYNOP observations from near-surface weather stations and ships, measur-
ing temperature, relative humidity, pressure, wind speed and direction and
precipitation.

• Commercial aircraft observations (AMDAR) from onboard sensors measur-
ing wind speed and direction, temperature, pressure and humidity and slop-
ing profiles during landing and take-off.

The conventional observations used for this research were provided by the
OPLACE database (Observation Pre-processing for LACE, Bölöni et al. (2009)).
Before being used in the analysis, the observations are subjected to a thorough
quality control. First of all the observation reports are checked for completeness
and for non-physical values. Then, the screening procedure checks for blacklisted
observations, to remove observations from measurement stations that are known
to be excessively noisy or biased. A hard-coded parameter value check is applied
with regards to the orographic limits, to exclude observations for which the actual
height of the station differs too much from the model height at the correspond-
ing grid point. Other quality control mechanisms include a consistency check for
vertical profiles, the removal of duplicate and redundant data and a thinning proce-
dure for AMDAR observations that allows only one measurement per observation
variable in each box of a predefined size. Finally, the observations are subjected
to a background quality control that works in the following way: first the variance
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for any background departure is estimated:

< y −H(xb), y −H(xb) >≈ σ2
b + σ2

o (3.22)

The estimate of the variance for the normalised departure is given by:

1 +
σ2
o

σ2
b

= λ (3.23)

An observation is marked as suspicious if the following applies:

(
y −H(xb)

σb
) > n× λ (3.24)

with n a tunable scaling factor.

3.3.2 Three-dimensional Variational Data Assimilation

The key point of three-dimensional variational data assimilation (3D-Var) is to
avoid the calculation of the gain matrix K by evaluating the analysis problem as
a minimization problem defined by a cost function J . In this way, the solution
for the minimization problem can be approximated by an iterative procedure with
a descent algorithm. The aim is to find the optimal analysis field xa that min-
imizes the cost function, defined as the distance between x and the background
xb weighed by the inverse of the background error covariance, plus the distance
to the observations y weighed by the inverse of the observation error covariance.
This gives the following equations:

J(x) = Jb(x)+Jo(x) =
1

2
(x−xb)TB−1(x−xb)+

1

2
(H(x)−y)TR−1(H(x)−y)

∇J(x) = 2B−1(x− xb)− 2H(x)TR−1(H(x)− 1)

Due to the immense size of the minimization problem (dim(x)≈ 10−8), derivative-
free algorithms are far too slow to solve the problem. The simplest gradient-based
minimization algorithm is the steepest descent algorithm, which iteratively im-
proves the solution by minimizing in the direction of the gradient. However, for
poorly conditioned problems with ellipsoidal iso-surfaces, it is not efficient. To
work around this inefficiency, Newtons method takes curvature into account by in-
troducing the Hessian into the minimization algorithm. Since the size of the Hes-
sian is too large to explicitly construct the matrix, quasi-Newton methods construct
an approximation of the Hessian or its inverse. The ALADIN 3D-Var code uses
the M1QN3 quasi-Newton minimization method (Gilbert and Lemarechal, 1989),
which uses the first derivative of the cost function and the limited-storage-required
approximation of its second derivative.
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Figure 3.3: A steepest descent search in an ellipsoidal valley. Figure adopted from Keane
and Nair (2005).

3.3.2.1 The Background error covariance matrix

For the formulation of the background-error covariance matrix (B-matrix), the
ensemble method (Berre et al., 2006; Ştefănescu et al., 2006) described earlier
in this chapter was used. This formulation was obtained as the bi-Fourier coun-
terpart of the global, spherical harmonic formulation described in Berre (2000).
Statistics are computed in spectral space assuming covariances being homoge-
neous and isotropic. The horizontal correlations are vertically varying and the
cross-covariances are calculated using the multiple regression scheme of Berre
(2000). The variables are decomposed in two parts using scale-dependent statisti-
cal regressions to separate the unbalanced and the balanced components:

ζ = ζ (3.25)

η = MHζ + ηu (3.26)

(T, Ps) = NHζ + Pηu + (T, Ps)u (3.27)

q = QHζ +Rηu + S(T, Ps)u + qu (3.28)

with the subscript u indicating the unbalanced parts, ζ the vorticity, η the di-
vergence, T the temperature, Ps the logarithm of the surface pressure and q the
specific humidity. H is a horizontal balance operator and M and N are vertical
balance operators.

For the calculation of the B-matrix, an ensemble of ALARO 6h forecasts
was used. The initial and lateral boundary conditions of the ensemble are pro-
vided by a 6-member ensemble of global perturbed ARPEGE assimilation cycles.
The observations of the ARPEGE ensemble are perturbed by adding random re-
alizations drawn from the specified observation-error covariance matrix (Fischer
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et al., 2005). The perturbed ARPEGE/ALARO experiments were carried out over
a period of one year (2011). A forecast for each of the 6 ensemble members
was launched for every 18th day (i.e. on 01/01/2011, 18/01/2011, 05/02/2011,
23/02/2011, etc.) at 00,06,12 and 18 UTC. This results in total in 20 forecast days
spread out over the year with 4 forecast-cycles per day for each of the 6 mem-
bers, providing in total 480 differences. The intermittency period of 18 days be-
tween each day used for the B-matrix makes sure the B-matrix is constructed from
ensemble difference for different seasons and weather situations. The ensemble
method was used because it provides error correlation spectra whose shapes are
more realistic than those of the NMC and Monte Carlo methods (Fischer et al.,
2005).

One must pay attention however to spectral spin-up effects when using down-
scaled ensemble members for the construction of a background error. Gustafsson
and Bojarova (2015) show that using downscaled ensemble members causes strong
spin-up effects during the first 6-12 hours of the forecast range. They argue that
this is due to the difference in resolution between de coarse global model and the
high-resolution limited area model. They compare the ensemble downscaling ap-
proach to a background covariance matrix constructed using a 3D-Var assimilation
of perturbed observations and show that this last approach is much less prone to
these spin-up effects. Although this is beyond the scope of this thesis, further tun-
ing of the background error covariance matrix will definitely be beneficial for the
3D-Var analysis and upper-air forecast scores.

Figure 3.4 shows the average auto-correlation matrices for vorticity, divergence
and specific humidity of the resulting B-matrix. Similar to what was found in
Berre (2000), the vertical correlations are relatively sharp. They argued that this
may enable a high-resolution analysis and better fit the observations, compared
to the less sharp vertical correlations of a global model such as ARPEGE. For
divergence, some negative correlations can be found in the lower atmospheric lev-
els nearby the considered vertical level. For Vorticity and specific humidity some
small (> −2.5%) negative correlations occur at some vertical distance from the
considered level. Figure 3.5 shows the corresponding spectrally averaged vertical
profiles of the standard deviation for vorticity, divergence and specific humidity.
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(a) Vorticity

(b) Divergence

(c) Specific Humidity

Figure 3.4: The average auto-correlation (%) matrices for vorticity, divergence and
specific humidity.
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(a) Vorticity

(b) Divergence

(c) Specific Humidity

Figure 3.5: The spectrally averaged vertical profiles of the standard deviation for vorticity,
divergence and specific humidity.
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3.4 Results and Discussion

3.4.1 A comparison of surface data assimilation techniques

In order to compare performance of the widespread OI and the recently developed
EKF for surface assimilation, we will compare a series of experiments with differ-
ent soil initialisation methods in this section. The aim is to find out if the results of
the EKF are similar to those of OI and the downscaling initialisation approach. If
this is the case, the EKF is a valid alternative for OI, with the additional advantage
that it is easier to extend the EKF with new observation types.

3.4.1.1 Experimental set-up

All experiments are run with ALARO coupled to SURFEX. All runs were per-
formed on the 4 km domain with 46 vertical upper-air levels. Surface assimilation
is performed every 6 h. The initial state for the atmosphere is downscaled from
the global ARPEGE run, as in Mahfouf et al. (2009). The screen-level relative hu-
midity and temperature observations are taken from SYNOP and TEMP reports in
the OPLACE (Observation Pre-processing for LACE, Bölöni et al. (2009)) obser-
vation database. The screen-level observations are interpolated on the model grid
using the Optimal interpolation technique CANARI, as was described in section
3.2.2.2. The gridded observations are then used for the point-wise EKF or OI as-
similation. The parameters and set-up used for the EKF are taken from (Mahfouf
et al., 2009) (cfr. table 3.1): the observation error covariance matrix R is a diagonal
matrix with elements set to 1 K for 2 m temperature and 10 % for 2 m relative hu-
midity. The background error covariance matrix B is also a diagonal matrix, with
values of 2 K for the background errors of surface and deep soil temperature (Tg1
and Tg2) and 0.1 (Wfc −Wwilt) for surface and deep soil moisture content (Wg1

andWg2), withWfc andWwilt the volumetric water content at field capacity and at
permanent wilting point. The EKF is simplified by assuming a constant B matrix
instead of an evolving one and is therefore a Simplified EKF or SEKF. Mahfouf
et al. (2009) explain that the increase in the background error during the forecast
step is balanced by the decrease in the background error during the analysis step.
In accordance with that, Draper et al. (2009) found that using a constant B-matrix
instead of evolving the B-matrix produces similar results for the analysis of near-
surface soil moisture. Runs have been performed with surface assimilation (EKF
and OI), without assimilation where surface fields are taken from the previous 6 h
forecast of the coupled model (free run), and without assimilation where surface
fields are interpolated from an ARPEGE analysis (open loop). The runs are listed
in table 3.2. The experiments were run over the period of one month, July 2010.
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Parameter Value
R−matrix T2m 1 K

RH2m 10 %
B−matrix Ts 2 K

T2 2 K
Wg 0.1(wfc −Wwilt)
W2 0.1(wfc −Wwilt)

Table 3.1: The parameter settings for the EKF

Run Initial Surface Conditions
Open Loop (OL) interpolation of ARPEGE analysis
Optimal Interpolation (OI) OI
Extended Kalman Filter (EKF) EKF
Free run 6h forecast from previous run

Table 3.2: Overview of the initial conditions used for the soil in the different experiments
that were run

3.4.1.2 The increments and forecast scores

Figures 3.6 shows the increments for Wg1 (top) and Wg2 (bottom) accumulated
over the month of July 2010 for the OI run (left) and the EKF run (right). For Wg1

the spatial structure of the increments is similar for OI and EKF, but the increments
of OI have larger values than those of EKF. This is due to the fact that the EKF has
dynamical coefficients that are better able to simulate the weak link between the
screen-level errors and the superficial soil moisture content (Mahfouf et al., 2009).
The accumulated increments for Wg2 show more differences in spatial structure
and sign between OI and EKF. The spatial structure for the OI increments is much
smoother and the values of the EKF increments are somewhat higher. The irregular
spatial structure of the Wg2 increments for the EKF and their differences with the
OI increments stems from the different handling of negative soil wetness index
(SWI) values between OI and the EKF. SWI is defined as (Wg2−Wwilt)/(Wfc −
Wwilt). If the soil moisture content is between the wilting point and the field
capacity (i.e. SWI between 0 and 1), the assimilated screen-level observations are
sensitive to changes in the soil moisture content; that is, the gain coefficients will
be different from zero (Balsamo et al., 2004). In regions where the SWI is below 0
or above 1, the screen-level variables are not sensitive to changes in soil moisture
content.

In OI this sensitivity to the SWI value is hard-coded (eg. see fig. 3.10). For
soil moisture below the wilting point, only positive or zero increments are allowed,
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Figure 3.6: Soil moisture increment (mm) accumulated over the month of July 2010. Top
left: superficial produced by OI analysis; top right: superficial produced by the EKF

analysis; bottom left: deep produced by OI analysis; and bottom right: deep produced by
the EKF analysis.

while for soil moisture above the field capacity only negative or zero increments
are allowed. If the soil moisture is in the SWI sensitivity region, increments are
allowed but limited in size so that they do not push the soil moisture content outside
of the SWI sensitivity region.

In the EKF this sensitivity to the SWI value is present directly in the Jacobian
values of the observation operator (and thus the gain values that depend on those).
For a negative SWI value (or a SWI value above 1) the screen-level variables do
not change for a small perturbation of the soil moisture and hence the Jacobian
and gain value are zero at these locations, independent of whether the increment is
positive or negative. Also, when the SWI value is in its sensitivity region, there is
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Figure 3.7: Deep soil moisture increment accumulated over the month of July 2010,
produced by EKF analysis where SWI is kept between 0 and 1.

no check included to make that sure the increments do not push the soil moisture
content outside of this sensitivity range. Thus, as soon as Wg2 drops below the
wilting point at a certain location, the EKF will not give any increments (not even
positive ones) until the soil moisture rises above the wilting point again, while OI
will only block the negative increments in such a case and allow positive ones.
Therefore it will be easier for OI to recover from negative SWI values than for the
EKF and OI will allow for more positive Wg2 increments. This results in regions
with a small or negative accumulated Wg2 increment for the EKF where OI has a
larger positive increment. For Wg2 above but close to the wilting point, the link
between the root zone soil moisture and the screen-level variables is the largest,
resulting in high gain coefficients and increments in the regions neighbouring the
ones with negative SWI values.

The EKF can be changed to include a limitation for the increments to make
sure they are not too big and do not push the SWI value outside of the sensitivity
range (like in Mahfouf et al. (2009)). This is more similar to what is done in OI,
although there will still be no positive increments allowed in the EKF for negative
SWI values. When the EKF is modified in this way, the spatial structure is already
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Figure 3.8: Innovations (observation - background) of T2m and RH2m accumulated over
the month of July 2010.

less irregular and more like that of OI (see Fig. 3.7).
Figure 3.8 shows the cumulative innovations (i.e. gridded observations - back-

ground) for July 2010. In general we can say that the model is too warm over
Belgium (the T2m innovations are mainly negative) and too dry (the RH2m inno-
vations are mainly positive). The Wg2 increments, which are quite high in some
areas, are correcting the too dry and warm model by continuous positive incre-
ments in soil moisture. Since July 2010 was an exceptional warm month with a
heat wave period over Belgium that was overestimated by the model, the Wg2 in-
crements correcting for this overestimation, can add up to more than 100mm in
some locations. When comparing our results to the literature (e.g. Mahfouf et al.
(2009)) our values seem to be similar. The values of the accumulated increments
for July 2010 for Wg2 for the EKF are between -120 and 240mm and for OI be-
tween -80 and 110mm. So the EKF Wg2 increments are somewhat larger than
those for OI, but they have the same order of magnitude.

In general, there is a good correspondence between the increments of OI and
EKF, with the EKF increments showing a more fine-grained spatial structure. Also
the forecast scores (RMSE and BIAS) for T2 m and RH2 m are similar for EKF
and OI, as can be seen in figure 3.9 that shows the RMSE and bias for screen-level
relative humidity averaged over July 2010.

3.4.1.3 Using a Cycling B-matrix

To verify whether using a constant B-matrix gives similar results as using an
evolving one (as stated in Mahfouf et al. (2009) and Draper et al. (2009)), some
experiments were also run with an evolving B-matrix. The B-matrix is evolved
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Figure 3.9: Root-mean-square error and BIAS for relative humidity at Uccle averaged
over the month July 2010 for Optimal interpolation (OI), extended Kalman filter (EKF),

open loop and free run.

according to the following equation:

Bt+1 = MAtMT +Q (3.29)

Mij =
δxti
δx0j

(3.30)

The Jacobian matrix M of the model is calculated using a finite difference ap-
proach, similar to the calculation of the Jacobian matrix H of the observation
operator.

M =
xti(x

t0 + δxj)− xti(xt0)

δxj
(3.31)

The matrix Q, representing the model error covariance matrix, is a diagonal matrix
with a tunable multiplication factor as the diagonal elements. Experiments were
run with two different values for Q, 0.125 and 0.250. Figure 3.11 shows the RMSE
and BIAS forecast scores for July 2010, where the two runs with a cycling B-
matrix are compared to the EKF with a fixed B-matrix, the OI run, the free run
and the Open Loop run. The cycling of the B-matrix has almost no impact on the
scores and the scores of all the assimilation experiments lie very close together.
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if(wg2 + incr > wfc)
incr=min(0,incr)

else if (wg2 + incr < wwilt)
incr=max(0,incr)

else
incr1=wwilt − wg2
incr2=wfc − wg2
incr=max(incr1-min(incr2,incr)

endif

Figure 3.10: Piece of code from OI making sure the wg2 increments do not cause it to fall
outside of the SWI sensitivity range with incr the increment.
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Figure 3.11: Root-mean-square error and BIAS for relative humidity (top) and
temperature (bottom) at Uccle averaged over the month July 2010 for the extended

Kalman filter (EKF) with fixed B-matrix (solid black) and the extended Kalman filter with
cycling B-matrix (dashed red).
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3.4.2 Combining upper-air 3D-Var assimilation with surface
EKF assimilation

To make an initial verification of our 3D-Var set-up, two experiments were run
in which 3D-Var was used to initialize the upper-air: in one experiment (called
”3D-Var”) the upper-air was initialized with a 3D-Var analysis using conventional
observations, while the surface was downscaled from an ARPEGE analysis. In
the other experiment (”3D-Var+EKF”), the 3D-Var analysis for the upper-air was
combined with an independent EKF analysis for the surface. The set-up of the
3D-Var system serves as a basis for testing the different combinations of surface
and atmospheric analysis, but is not intended to serve as a fully operational at-
mospheric analysis yet. The combination of the surface analysis of EKF with an
independently run upper-air assimilation is similar to the work of de Rosnay et al.
(2012). In contrast to the work of de Rosnay et al. (2012), the limited are model
ALARO is used instead of a global model and the atmospheric analysis is done
with 3D-Var instead of the computationally much more expensive 4D-Var. The
set-up of the EKF is the same as in the previous section and in Mahfouf et al.
(2009).

Figure 3.12 shows the root-mean-square error and bias for 2m relative humidity
at Uccle during July 2010. The 3D-Var and 3D-Var+EKF run are compared to
the runs without upper-air assimilation. While the 3D-Var run (without surface
assimilation) is not able to beat the Open Loop (i.e. the current operational set-
up at the RMI Belgium), the EKF run has similar results as the Open Loop for
RMSE and a slightly lower bias. For the RMSE the combination of 3D-Var+EKF
performs best, especially during the first 21 hours, when the largest impact of the
assimilation is to be expected.
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Figure 3.12: Root-mean-square error and BIAS for relative humidity at Uccle averaged
over the month July 2010 for extended Kalman filter (EKF), open loop, free run, 3D-Var,

3D-Var+EKF.
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3.5 Summary
In this chapter data assimilation theory was introduced to provide initial conditions
for the soil and the upper-air of an NWP model. For the initialisation of the soil,
two techniques were discussed in the context of ALARO and SURFEX. The first
assimilation technique is Optimal Interpolation (OI), which is used operationally
as a surface assimilation techniques in a large number of meteorological institutes.
The other one is an Extended Kalman Filter (EKF), which is a more recent tech-
nique. Both techniques use observations of screen-level temperature and relative
humidity to correct errors in soil temperature and soil moisture content. The ad-
vantage of the EKF over OI is that it has dynamically calculated gain coefficients
that correspond to the weather and soil state in each grid point. On top of that,
the EKF is more easily extendable towards new observation types due to these
dynamical gain coefficients, which makes it more promising for the future.

For the initialisation of the upper-air of ALARO the three dimensional vari-
ational (3D-Var) assimilation technique was discussed. This technique is most
commonly used for data assimilation in Limited Area Models (LAMs), due to it’s
lower computational cost compared to the more advanced four dimensional varia-
tional (4DVar) assimilation technique. The B-matrix of our set-up was calculated
using the ensemble-method of Berre et al. (2006) and Ştefănescu et al. (2006). The
upper-air assimilation set-up uses only conventional observations (i.e. no satellite
data or high-density observations) for now.

A set of experiments was described to illustrate the different surface initialisa-
tion methods and the upper-air method. It was found that the results of the EKF
are similar to those of OI and thus that the EKF could provide a more extendable
alternative to OI for surface assimilation. In the next chapter, the EKF will be
studied more in detail. In particular the different possibilities for the calculation
of the Jacobian of the observation operator will be studied. Then, after a careful
study and tuning of the EKF in Chapter 4, the combination of the EKF with a 3D-
Var upper-air initialisation will be studied in Chapter 5. This combination is one
that has never been described before and will be compared to a number of other
initialisation combinations for the surface and the upper-air.





4
The Jacobian of the Extended Kalman

Filter

Based on: Duerinckx, A., Hamdi, R., Mahfouf, J.-F., and Termonia, P.: Study of
the Jacobian of an extended Kalman filter for soil analysis in SURFEXv5, Geosci.
Model Dev., 8, 845-863, doi:10.5194/gmd-8-845-2015, 2015.

The previous chapter introduced the Extended Kalman Filter (EKF) as a recent
and more flexible technique for super initialisation, compared to the commonly
used Optimal Interpolation (OI) method. A set of experiments showed how the
results of the EKF are comparable to OI, making a good alternative for future
operational surface analysis. In this chapter we will go deeper into the details of
this EKF and will try to find an optimal setting for the Belgian operational 4km
domain, with a focus on the Jacobian of the observation operator of the EKF.

4.1 Introduction

Externalizing surface schemes from upper-air atmospheric models has many ad-
vantages. If the interface between the different parts is defined in a flexible manner
(see Best et al., 2004, discussed in chapter 2, for an example) then it provides the
possibility to plug one scheme in different models, even targeting different appli-



4-2 CHAPTER 4

cations, ranging from climate to high-impact weather. Another major advantage
is that the scheme can also be used in an offline mode allowing for cheap solu-
tions in specific applications. An example of this is studied with in the present
chapter; the implementation of an Extended Kalman Filter (EKF) for surface as-
similation (Mahfouf et al., 2009) where cheap offline runs with the external land
surface model SURFEX (Masson et al., 2013; Hamdi et al., 2014b) allow to nu-
merically estimate the observation operator Jacobian. The Jacobian provides the
EKF with an advantage over OI, since the Jacobian coefficients are the dynamically
calculated while they have prescribed, statistically calculated values in OI. These
dynamical gain coefficients make it easier to include new observation types into
the EKF, which opens opportunities to use high-frequency observations for better
short time forecasts. The EKF has been extended already to include other obser-
vation types, like AMSR-E soil moisture retrievals (Draper et al., 2009), radar pre-
cipitation information (Mahfouf and Bliznak, 2011), ASCAT surface soil moisture
(Mahfouf, 2010; de Rosnay et al., 2012). Another advantage is that those dynam-
ical gain coefficients automatically take into account the situations in which there
is only a weak link or even no link between the soil variables and the atmospheric
boundary layer. Hence no hard-coded switches are needed to diminish or turn off
the assimilation in such cases.

As described in the previous chapter, an EKF has been developed for SUR-
FEX by Mahfouf et al. (2009), assimilating screen-level temperature and relative
humidity to correct soil moisture and soil temperature. The cornerstone of the
EKF is the Jacobian of the observation operator. The Jacobian describes the sen-
sitivity of the screen-level observations to changes in the soil prognostic variables.
Mahfouf et al. (2009) suggest to calculate the Jacobian with a finite differences
approach, using a reference run and one perturbed run for each of the soil prog-
nostic variables (i.e. a run with an initial surface where one of the prognostic
variables has been perturbed). These reference and perturbed runs can either be
calculated using SURFEX coupled to a full atmospheric forecast or using SUR-
FEX offline. The latter is computationally much cheaper. The calculation of this
Jacobian with finite differences assumes a linear response of the land-surface evap-
oration to a small soil moisture variation. Balsamo et al. (2004) show that, even
though this hypothesis is well satisfied, some noise may still enter the Jacobian
matrix under certain meteorological conditions. For example in rainy conditions,
small perturbations in soil moisture content can have nonlinear threshold effects
on the cloudiness and precipitation. This leads to oscillatory model trajectories for
the screen-level variables and introduces noise in the Jacobian matrix for the rainy
areas. Balsamo et al. (2004) propose to switch off the soil-moisture analysis under
these circumstances. They also show the importance of using a good perturbation
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size, that best satisfies this linearity hypothesis. Balsamo et al. (2007) compare the
information content and the gain components for the offline and coupled Jacobian
approach of the EKF. They use a set of simulated observations in a one day as-
similation experiment to verify the impact of the coupling assumption. They use
the Interactions between Soil-Biosphere-Atmosphere (ISBA, Noilhan and Plan-
ton, 1989; Noilhan and Mahfouf, 1996) surface scheme within the GEM regional
model (Mailhot et al., 2006; Côté et al., 1998) for the coupled runs. For the offline
runs they use the Land Data Assimilation System (LDAS, Mitchell et al., 2004),
with a 3 hourly forcing from GEM’s lowest vertical level output (at 50 m height)
and a vertical interpolation according to Delage (1997). They conclude that the
gain values are smaller for offline runs, but they have the same spatial patterns as
the values calculated with the fully coupled runs. The lack of coupling with the
full planetary boundary layer in case of the offline runs, reduces the influence of
the soil variables on the surface boundary layer (Mahfouf et al., 2009). Overall the
Jacobians calculated with offline runs seem to be a good and computationally more
feasible alternative for the use of the Jacobians calculated with the fully coupled
model. In de Rosnay et al. (2012) fully coupled forecasts are used to calculate the
Jacobian, because the ECMWF does not yet have an externalised version of their
LSM (i.e. HTESSEL) at their disposal. They use the EKF operationally in com-
bination with a four dimensional variational (4DVAR) atmospheric assimilation,
replacing the old OI soil analysis of the global ECMWF Integrated Forecasting
System (IFS) since November 2010. In their current set-up the EKF only corrects
the soil moisture content, not the soil temperature.

The numerical approach to calculate the Jacobian makes the EKF scheme more
flexible for surface analysis than the OI scheme. The EKF does not require to an-
alytically recompute the observation operator and gain coefficients each time new
observation types are included. Having an externalised surface scheme that can
be run in offline mode, like SURFEX, is essential to a computationally efficient
calculation of the Jacobians. Here the difference between the offline and coupled
Jacobian calculation is studied more in depth correcting for both soil moisture
content and soil temperature. The comparisons are made with SURFEX in of-
fline mode and coupled to the ALARO-model (Bubnová et al., 1993; Gerard et al.,
2009), following the study of Balsamo et al. (2007). We document a case where
spurious 2∆t oscillations occur in some parts of the domain for the coupled as
well as the offline runs. The oscillations are too small to have a detrimental effect
on the performance of the model runs and remain thus unnoticed in coupled model
runs. However, in an EKF applications the magnitude of the numerical perturba-
tions used to estimate the Jacobians may acquire the same order of magnitude as
these oscillations and this may induce noise in the affected increments of the data
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assimilation. In this chapter we provide a workaround for these oscillations by
applying a numerical filter with the EKF formulation. We provide some evidence
that these oscillations are due to a decoupling between the surface and the atmo-
sphere. In Sect. 2 the ALARO model, the SURFEX scheme and the EKF technique
are described and in Sect. 3 the experimental set-up is given. Section 4 shows the
origin and effects of noisy Jacobians as well as the proposed filtering workaround.
In Sect. 5 the results are presented and a comparison is made between the offline
and coupled approach for the EKF. Finally, the conclusions and perspectives are
discussed in Sect. 6.

4.2 Methodology and Experimental Set-up

For this study we used the atmospheric Limited Area Model (LAM) ALARO in
combination with an externalised surface model SURFEX (Hamdi et al., 2014b).
When SURFEX is coupled to the atmospheric model, they exchange fluxes and
forcing at every time-step. SURFEX can also be used in offline mode, i.e. without
coupling to an atmospheric run. In offline mode ALARO provides hourly forcing
for SURFEX, but there is no feedback from SURFEX to ALARO. The difference
between the coupled and offline approach is shown in chapter 2 in figure 2.3. An
EKF is used to provide an initial state for the surface.

The EKF for soil analysis has been tested using the same set-up and covari-
ance values as in Mahfouf et al. (2009), with two soil-layers and four prognostic
variables: superficial soil water content (Wg1), root zone soil water content (Wg2),
surface temperature (Tg1) and deep soil temperature (Tg2). Observations of T2m

and RH2m are assimilated to correct errors in soil moisture and soil temperature.
The parameter values are the same as in Chapter 3, listed in table 3.1. As in the
previous chapter, the B matrix is kept constant. Mahfouf et al. (2009) explain that
the increase in the background error during the forecast step is balanced by the
decrease in the background error during the analysis step. In accordance with that,
Draper et al. (2009) found that using a constant B matrix instead of evolving the
B matrix produces similar results for the analysis of near-surface soil moisture.
Because of the constant B matrix the EKF is in fact a simplified EKF.

For the upper air no data assimilation is performed. The initial upper air con-
ditions and the lateral boundary conditions are interpolated from an ARPEGE run,
the global Metéo France model. Lateral boundary conditions are provided every
3 h from the ARPEGE model. The atmospheric model set-up has 46 vertical lev-
els. All experiments have been run over a one month period during July 2010, with
a 6 h assimilation cycle for the surface. The operational ALARO-Belgium domain
was used, which has a 4 km resolution (181× 181 grid points, see Fig. 4.1).
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Figure 4.1: The operational 4 km ALARO-Belgium domain. The indicated locations will be
used in the following sections. Beitem: 50.905◦ N, 3.123◦ E (Belgium). Location A:

50.534◦ N, 4.497◦ E (Belgium). Location B: 52.092◦ N, 9.488◦ E (Germany). Location C:
52.082◦ N, 9.722◦ E (Germany)

For the perturbed runs of the EKF Jacobian-calculation, two methods were
tested. The offline mode utilises offline SURFEX runs with hourly atmospheric
forcing files calculated during the fully coupled forecast from the previous assimi-
lation cycle (REFofl). In the coupled mode, the perturbed runs are calculated using
SURFEX fully coupled to ALARO (REFcpl).

4.3 Oscillations in the Boundary Layer

Balsamo et al. (2004) mention oscillatory trajectories of the screen-level variables
that can introduce noise in the Jacobian matrix of the EKF. They show that these
oscillatory trajectories occur in cloudy and rainy conditions and can be linked to
evapotranspiration thresholds. In this section we document another kind of os-
cillation, a 2∆t oscillation that can be linked to the stability parameters and the
formation of a stable boundary layer in the late afternoon. We will show how this
oscillation influences the Jacobians and propose a method for filtering the oscilla-
tion before calculating the Jacobian.
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Figure 4.2: Evolution of the Richardson number (RI, top) and T2m (bottom) during a 6 h
coupled run for 2 July 2010 from 12:00 until 18:00 UTC in location B (left) and location C

(right). In the top figures, the Richardson number for the lowest level is shown as it is
calculated in SURFEX (black) and as it would be calculated in ALARO (red).

Figure 4.2 shows the evolution of the Richardson number (top) and correspond-
ing T2m (bottom) in location B and location C indicated on Fig. 4.1 for a coupled
run. In Fig. 4.2a and b, the Richardson number for the lowest level is shown as it
is calculated in SURFEX (black) and as it would be calculated for the same level
in ALARO (red). As long as the Richardson number is negative (i.e. unstable con-
ditions) the Richardson number calculated in SURFEX and ALARO correspond
to each other. But when the Richardson number becomes positive (i.e. a stable
boundary layer starts to form) there is a small divergence between SURFEX and
the atmosphere. In some cases, as in Fig. 4.2a, an oscillation sets in when the
Richardson number becomes positive.

These oscillations were found in the coupled as well as offline SURFEX runs
from 12:00 to 18:00 UTC. The oscillations can be found in all surface variables
that are related to the fluxes between the soil and the lower atmosphere. The evo-
lution of a few of these flux-related variables are documented in figure 4.3. The
figure shows the evolution of the value during a run from 12UTC-18UTC and next
to it the difference between a reference run and a perturbed run (with Wg2 per-
turbed). The variable evolution is shown for the implicit (in red) and explicit (in
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black) coupling between SURFEX and ALARO, as described in section 2.2.3.4.
The oscillations are small compared to the order of magnitude of the signal (cfr.
the ’value’ plots) and they die out after a short while, so there is no danger of the
oscillations blowing up the model. However, the oscillations lead to a large os-
cillatory signal in the difference between the reference and perturbed run and it is
this difference that is used for the calculation of the Jacobian of the observation
operator of the EKF.

The oscillations occur only during the late afternoon when the surface cools
down again. In those cases a stable boundary layer starts to form and the atmo-
sphere decouples from the surface.
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(a) Ground Heat Flux
value

(b) Ground Heat Flux
difference (perturbed -
reference run)

(c) Sensible Heat Flux
value

(d) Sensible Heat Flux
difference (perturbed -
reference run)

(e) Latent Heat Flux
value

(f) Latent Heat Flux
difference (perturbed -
reference run)

(g) Aerodynamical re-
sistance to evapotran-
spiration value

(h) Aerodynamical
resistance to evapo-
transpiration difference
(perturbed - reference
run)

(i) 2m Humidity value (j) 2m Humidity differ-
ence (perturbed - refer-
ence run)

(k) Q2M value (l) Q2M difference
(perturbed - reference
run)

(m) Richardson Num-
ber value

(n) Richardson
Number difference
(perturbed - reference
run)

(o) 2m Temperature
value

(p) 2m Temperature
difference (perturbed -
reference run)

Figure 4.3: Evolution of variables linked to the oscillation for the coupled EKF
(implicit=red vs. explicit=black) for the 12-18 UTC run, plotted for every time-step

(time-step = 180s). Valid for 2 July 2010, in location A of figure 4.1. The difference plot,
plots the value of the perturbed run - the reference run (where wg2 is perturbed).



THE JACOBIAN OF THE EXTENDED KALMAN FILTER 4-9

Timestep
0 10 20 30 40  50  60 70

Timestep
0 20 40 60 80  100  120

Timestep
0 50 100 150 200  250  300 350

Timestep
0 50 100 150 200  250  300 350

b)

R
H

2
m

 (
%

,r
e
d

)

R
H

2
m

 (
%

,r
e
d

)
R

H
2

m
 (

%
,r

e
d

)

R
H

2
m

 (
%

,r
e
d

)

T
2

m
 (

K
,b

la
ck

)
T
2

m
 (

K
,b

la
ck

)

T
2

m
 (

K
,b

la
ck

)
T
2

m
 (

K
,b

la
ck

)

3
6

  
 3

8
  

 4
0

  
4

2
  

 4
4

  
4

6
  

 4
8

3
6

  
 3

8
  

 4
0

  
4

2
  

 4
4

  
4

6
  

 4
8

3
6

  
 3

8
  

 4
0

  
4

2
  

 4
4

  
4

6
  

 4
8

4
0

4
5

5
0

3
0

4
.0

  
  

  
3

0
4

.4
  

  
 3

0
4

.8
  

  
 3

0
5

.2
  

3
0

3
.5

  
  

 3
0

4
.0

  
  

3
0

4
.5

  
  

3
0

5
.0

  
  

  
  

  
  

 3
0

4
.0

  
  

 3
0

4
.5

  
  

 3
0

5
.0

  
 3

0
4

.0
  

  
3

0
4

.4
  

  
 3

0
4

.8
  

  
3

0
5

.2

Figure 4.4: Evolution of T2m (black) and RH2m (red) during a 6 h SURFEX reference run
for 2 July 2010 from 12:00 to 18:00 UTC in location A (output plotted every time-step).
The top left figure shows the results for an offline run with time-step 300 s, the top right
figure an offline run with a time-step of 60 s. The bottom left figure shows a coupled run

with a time-step of 180 s and the bottom right figure a coupled run with a time-step of 60 s.

Figure 4.4 shows the evolution of T2m (black) and RH2m (red) from 12:00 to
18:00 UTC on 2 July 2010 for different settings in location A indicated on Fig. 4.1.
An oscillation sets in as soon as the Richardson number becomes positive. This os-
cillation is clearly visible in the evolution of T2m (black) and RH2m (red). Figure
4.4a shows the evolution of these two variables for an offline SURFEX run with
a time-step of 300 s. Small oscillations are visible near the end of the run with an
average size of 2 % for RH2m and 0.2 K for T2m. In Fig. 4.4b the time-step is 60 s
instead of 300 s. The size and time-interval of the oscillations is the same as in
Fig. 4.4a, but the frequency of the oscillations increases with the time-step. This
means that the oscillations are 2∆t oscillations and hence they do not represent
a physical process. The oscillations are also present in a coupled run for the same
location and period. Figure 4.4c shows the evolution of T2m (black) and RH2m

(red) for a coupled run with a time-step of 180 s. The oscillation starts somewhat
later than for the offline runs because the Richardson number remains negative for
a longer period in this coupled run. The order of magnitude of the oscillations is
the same as for the offline runs. Figure 4.4d shows the same evolution for a cou-
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pled run with a time-step of 60 s instead of 180 s and also here we can see that the
2∆t oscillations do not diminish when the time-step is increased.
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Figure 4.5: Evolution of the Jacobian value during a 6 h offline SURFEX run for 2
July 2010 in location A (output plotted every time-step). Perturbation size for the initial

perturbed states is 10−4. In the upper left corner δT2m/δTg1 (red) and δT2m/δTg2

(black) are shown from 18:00 to 00:00 UTC, in the upper right corner δRH2m/δWg1 (red)
and δRH2m/δWg2 (black) from 00:00 to 06:00 UTC, in the lower left corner δT2m/δWg1

(red) and δT2m/δWg2 (black) from 12:00 to 18:00 UTC and in the lower right corner
δRH2m/δWg1 (red) and δRH2m/δWg2 (black) from 12:00 to 18:00 UTC.

The oscillations present in RH2m and T2m will also be present and even am-
plified in the Jacobian. Figure 4.5 shows the evolution of the Jacobian values
during the 6 h forecast run for the offline case in the same grid-point A as Fig. 4.4
for three different time-frames. The Jacobian value in Fig. 4.5 is plotted at every
time-step (300 s). The red dots represent the Jacobian values for a perturbation in
the superficial soil layer (Wg1 or Tg1), while the black dots represent the Jacobian
values for a perturbation in the deep soil layer (Wg2 or Tg2). For the Jacobians
with a run from 12:00 to 18:00 UTC (bottom figures) an oscillation sets in near
the end of the 6 h window, introducing a noisy signal into the Jacobian values that
can become of the same order of magnitude as the signal itself. This is the case
for δT2m/δWg1 (red) and δT2m/δWg2 (black) in Fig. 4.5c and for δRH2m/δWg1
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(red) and δRH2m/δWg2 (black) in Fig. 4.5d. Similar oscillations occur for the
Jacobian values related to soil temperature for this case (not shown). These oscil-
lations are found during the late afternoon of the runs from 12:00 to 18:00 UTC and
they correspond to the oscillations visible in RH2m, T2m and the Richardson num-
ber RI. The small oscillations of 2 % for RH2m and 0.2 K for T2m from Fig. 4.4
cause oscillations in the Jacobian values up to 20 m3 m−3 for δRH2m/δWg2 and
up to 150 K m−3 m−3 for δT2m/δWg2. Results of the coupled case (not shown)
are similar to this offline case.

Figure 4.5 also clearly shows the short time memory of the superficial soil
layer (red dots). Any change in the superficial soil layer is quickly lost, causing
the Jacobian value to return to zero, while changes in the deep soil layer (black
dots) have a more lasting influence resulting in non-zero Jacobian values at the
end of the 6 h interval. Some Jacobian values converge once the initial disturbance
has been uptaken by the system, eg. δT2m/δTg1 (red) and δT2m/δTg2 (black) in
Fig. 4.5a. For others the value keeps rising until the end of the time window, eg.
δRH2m/δWg2 (black) in Fig. 4.5b. Figure 4.6a shows the spatial distribution of
the oscillations for δRH2m/δWg2 on 2 July 2010 for the offline run from 12:00 to
18:00 UTC. The number of oscillations is shown in every grid-point. This number
is calculated by counting the number of consecutive time-steps in which the gra-
dient of the Jacobian evolution curve changes sign. Oscillations (i.e. the gradient
changes sign in more than two consecutive time-steps) occur in almost all parts
of the domain. In some parts of the domain, there is a resemblance between the
occurrence of oscillations and a Soil Wetness Index (SWI) that is close to 0 (cfr.
Fig. 4.6b) where SWI is defined in the following way:

SWI =
W2 −Wwilt

Wfc −Wwilt
.

The effect of non-linearities for SWI-values close to 0 on the Jacobian values
has already been pointed out by Balsamo et al. (2004, 2007) and in Hamdi et al.
(2014b) it was shown that for SWI-values below 0 the Jacobians and increments
are also 0. When looking at Fig. 4.6a there are also regions with oscillations that
do not correspond to SWI-values close to 0. This indicates that there are also
other non-linearities that can trigger these oscillations. The regime shift of the
Richardson number turning from negative to positive, is one of them. As shown
before, this change in sign of the Richardson number can cause spurious 2∆t

oscillations that also have a detrimental effect on the Jacobian values. In Table 4.1
the percentage of grid-points is listed in which an oscillation occurs at the end
of the run, thus influencing the Jacobian value, and in total, i.e. including those
oscillations during the run that end before 18:00 UTC and hence do not influence
the Jacobian value. For the offline only a small portion of the Jacobian values is
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Figure 4.6: The number of the oscillations in every grid-point for δRH2m/δWg2 (left) and
the Soil Wetness Index (SWI) of the deep soil layer (right) on 2 July 2010 for the offline

reference run (REFofl) from 12:00 to 18:00 UTC.

influenced by these oscillations, i.e. between 2.4 and 5.2 %. For the coupled run
this percentage is somewhat higher, between 11 and 13 %. The higher number
of oscillations in the coupled run could be explained by feedback processes of the
atmosphere that are triggered when making small perturbations to the soil variables
(Balsamo et al., 2004). In case of the offline run, the atmosphere is forced and
hence no feedback processes are possible. In conclusion one can say that due to
non-linearities, like SWI-values close to 0 or a change in sign of the Richardson
number, oscillations may occur in some surface related variables like RH2m and
T2m. They are 2∆t oscillations indicating that the oscillations are artificial. These
oscillations do not diminish when the time-step is decreased, hence they are not
fibrillations but rather they originate from a decoupling between the surface and
the atmosphere when a stable boundary layer starts to form in the evening or when
the amount of soil moisture is too low. The oscillations occur in a small number
of points, widespread over the domain. The oscillations occur for various lengths
of the time-step and perturbation sizes (not shown). They disappear again after
a while and are harmless for a normal run, but are amplified in the calculation of
the Jacobian. The oscillations can lead to spurious values in a limited number of
grid-points for the Jacobian, gain and increments of the EKF.

The oscillations occur at critical values of the Richardson number and are not
merely a numerical effect. This suggest that they could be induced by a feedback
in competing fluxes between the surface and its upper-air forcing, when changing
from an unstable to a stable boundary layer. Such feedbacks are difficult to di-
agnose. Here we limit ourselves to documenting them, but demonstrate that the
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Offline Coupled
End Total End Total

δRH
δWg2

4.8 % 24 % 11 % 53 %
δT
δWg2

5.2 % 21 % 13 % 55 %
δRH
δTg2

2.4 % 21 % 11 % 66 %
δT
δTg2

3.6 % 10 % 11 % 57 %

Table 4.1: Percentage of grid-points in which an oscillation occurs at the end of the run
(and thus influencing the Jacobian value) and in total (i.e. including those during the run

that do not influence the Jacobian value).

impact of these oscillations can easily be cured with a simple numerical temporal
filter:

• we propose a workaround for these oscillations by filtering the reference and
perturbed values of T2m and RH2m. The temporal filter works according to
the following equation:

xfiltered = 0.5× w × xt−1 + (1− w)xt + 0.5× w × xt+1

with x the T2m or RH2m value to be filtered, t indicating the time-step
and w the weight attributed to the different parts of the filter. A number of
values for w have been tested and a value of 0.5, the most optimal choice
for filtering the 2∆t mode, appeared to filter out the oscillation best. Since
this filter uses the reference and perturbed observation values at time t, t−1

and t + 1, two additional output files must be provided for every run. In
order to change as little as possible to the original set-up of the EKF, it was
chosen to work with the time-steps t, t− 1 and t− 2 instead, i.e. calculating
the Jacobian for time-step t − 1 instead of the time-step at time t. In one
time-step the value of the Jacobian will change very little and this way we
avoid the need for output at time-step t+ 1, which would require the offline
runs to be extended for one additional time-step and thus would also require
the atmospheric forcing to be provided beyond the 6 h interval.

The filter does not differentiate between oscillations initiated by different mech-
anisms. Therefore it will filter oscillations due to the critical RI values and SWI-
values close to zero but also for example oscillations due to rainy conditions for
the coupled approach as described by Balsamo et al. (2004).
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4.4 Results and discussion

In the following part, the filtering approach (FIL) is compared to the reference
approach without filtering (REFofl for the offline mode, REFcpl for the coupled
mode). Comparisons are made with regards to the optimal perturbation size, the
spatial distribution of the Jacobian values, the corresponding increments in the soil
prognostic variables and the screen-level forecast scores. The offline and coupled
approach for the EKF are also compared to each other.

4.4.1 Impact of the filtering

Figure 4.7 shows the evolution of T2m (left) and RH2m (right) at location A (cfr.
Fig. 4.1) where an oscillation is present in the reference SURFEX run (black).
Figure 4.7a and b (top) show the evolution in an offline SURFEX run, while Fig.
4.7c and d (bottom) show the result from a coupled SURFEX run. The oscillation
disappears when the result is filtered (FIL, red) and the values of the filtered result
coincide with the reference values as long as there is no oscillation.
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Figure 4.7: Evolution of T2m (left) and RH2m (right) in location A for the offline (top) and
coupled (bottom) reference run (REF, black) and the filtered run (FIL, red).
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4.4.2 Optimal perturbation size and the linearity assumption

The Jacobians of the EKF are estimated by means of a finite differences approxi-
mation. This approximation is exact when the function is linear in the surroundings
of the point. In that case neither the size nor the sign of the perturbation have any
influence on the resulting value of the Jacobian. The difference between a Jaco-
bian calculated with a positive (H+) and with a negative (H−) perturbation of the
same size provides an indication of how linear the surroundings of the point are
and how valid the finite differences approximation is. If the perturbation is too
large, the perturbed value lies outside the linear regime around the point and the
difference between H+ and H− will be large. If the perturbation is too small,
the Jacobian value will deteriorate because of numerical accuracy. The optimal
perturbation size is the minimal perturbation size for which the Jacobian value is
independent of the sign (i.e. for which the difference between H+ and H− is as
small as possible) (Balsamo et al., 2007).

Finding the optimal perturbation size is very important. In order to find it and
to examine the differences between the approaches, experiments were run with
perturbation sizes between 10−11 and 10−1 for each of the eight components of
the Jacobian. Results are shown in Fig. 4.8, which shows the difference between
H+ and H− (black lines) and the average value ((H+ −H−)/2) (red lines) for
δRH2m/δWg2 and δT2m/δWg2 on 2 July 2010, averaged over the whole domain
for all the perturbation sizes. For the Jacobian calculated with coupled perturba-
tion runs, perturbation sizes smaller than 10−4 caused a lot of noise resulting in
extremely high values for |H+ −H−|. Therefore results are only shown between
10−4 and 10−1 for the coupled EKF. Figure 4.9 shows an example of the noise
when using too small perturbation sizes for the coupled runs.

There are a number of differences between the offline and coupled approach.
First, the optimal perturbation size is larger for the coupled approach (between
10−2 and 10−1) than for the offline approach (between 10−9 and 10−7). This is in
accordance with Balsamo et al. (2007). For a coupled approach with a too small
perturbation size, non-linear feedbacks between the atmosphere and the soil can
occur. These non-linearities cause the Jacobian to be noisy and inaccurate. Since in
the offline approach the atmosphere is forced, these non-linear feedbacks cannot
occur and the perturbation size can be a lot smaller. This optimal perturbation
size for the coupled approach is similar to the optimal values of 15–20 % of the
SWI-value found in Balsamo et al. (2004) and the value of 0.01 m3 m−3 used by
de Rosnay et al. (2012) and Drusch et al. (2009). For the offline approach the
optimal perturbation size found here is somewhat smaller than the values used in
Mahfouf et al. (2009), where 10−4m3 m−3 is used for Wg1 and Wg2 and 10−5K

for Tg1 and Tg2.
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Figure 4.8: Comparison of the optimal perturbation size for the offline (top) and coupled
(bottom) approach. |H+ −H−| (black) and H+ +H−/2 (red) for different perturbation

sizes on 2 July 2010 at 00:00, 06:00, 12:00 and 18:00 UTC averaged over the whole
domain with H = δT2m/δWg2 (left) and H = δRH2m/δWg2 (right).

The differences between Jacobians from positive and negative perturbations
(|H+ −H−|), are a lot smaller for the offline approach than for the coupled ap-
proach indicating that the linearity assumption is better approximated for the of-
fline approach. This is a logical consequence of the fact that the coupled approach
requires a larger perturbation size in order to avoid a noisy H matrix. If the pertur-
bation size is larger, the perturbed value will more easily fall outside of the linear
regime around the point in which the Jacobian is calculated.

The optimal perturbation size has also been studied for the filtering solution
(FIL) (results not shown here). For FIL the values of |H+ − H−| and (H+ −
H−)/2 averaged over the domain are very similar to those of the REF run and
hence the optimal perturbation size remains the same. One thing that can be noted
is that in FIL the non-linearities (measured by high values for |H+−H−|) are less
extreme for the very high or low perturbation sizes.

Another way to verify the linear regime of the finite differences approxima-
tion is by plotting the Jacobian values from positive perturbations against those
of negative perturbations. If all points are along the diagonal, the Jacobians are
in the linear regime of the observation operator. Figure 4.10 shows such plots for
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(a) coupled EKF with perturbation size 10−4,
δT2m/δWg2

(b) coupled EKF with perturbation size 10−4,
δRH2m/δWg2

Figure 4.9: The spatial structure of the gain elements for 2 July 2010 1200 UTC when
using the coupled EKF with a too small perturbation size

the offline EKF (Fig. 4.10a and c) and the coupled EKF (Fig. 4.10b and d) for
two different perturbation sizes. The offline EKF has much lower Jacobian values
than the coupled EKF and the linear regime is better approximated for the offline
approach. For a perturbation size of 10−4 the points of the offline EKF are nicely
aligned along the diagonal indicating that the perturbation size is within the linear
regime. The points of the coupled EKF follow slightly the opposite diagonal. It
cannot be excluded that some non-linear feedback effects between the surface and
the atmosphere are triggered here but this is out of scope of the present chapter.
If the perturbation size increases to 10−2 for the offline EKF, more points deviate
from the diagonal compared to the 10−4 offline case. The horizontal line repre-
sents points that are sensitive to the positive perturbation (i.e. have a Jacobian
value different from zero) but not sensitive to the negative perturbation (i.e. have
a Jacobian value equal to zero). These points are in an area with negative SWI
values. The negative perturbation decreases the SWI value even further, resulting
in a Jacobian value of zero. The positive perturbation on the other hand is large
enough to increase this SWI value above zero and hence the Jacobian from this
positive perturbation will not be zero. This is in accordance with what has been
found by Mahfouf et al. (2009).

For the coupled EKF, increasing the perturbation size to 10−2 causes the points
to become more aligned with the correct diagonal line. However, when comparing
them to the offline EKF, they deviate more from that diagonal and the values of the
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Figure 4.10: Assessment of the linearity assumption for the calculation of the Jacobians by
means of finite differences. Plot of the Jacobian values for δT2m/δWg2 on 2 July 2010

12:00 UTC of the positive perturbations against the values of the negative perturbations.

Jacobians are larger for the coupled EKF. The results for the filtering solution FIL
are very similar to those of the reference described here (not shown).

4.4.2.1 Chessboard-type perturbations

Balsamo et al. (2004) suggests another way of perturbing the soil variables in
order to calculate the Jacobians. In what is called the chess-type perturbation,
the perturbed soil variable is increased and decreased in adjacent grid points in
order to have a chess-like perturbed field. The advantage of this approach is that it
increases the horizontal decoupling between the grid points without changing the
overall soil water content or soil temperature on the domain. A setting is proposed
in which the average is taken of the Jacobian values calculated with 2 opposite
chess-type perturbations to reduce noise.

We tested this chess-type perturbation for the offline and the coupled Jaco-
bian calculation. In figure 4.11 the spatial structure of the Jacobian values for
δT2m/δWg2 and δRH2m/δWg2 are shown for the regular and chess-type offline
EKF and for the regular and chess-type coupled EKF. In the offline case we can see
that the chessboard Jacobians have smaller values. The areas in which the Jaco-
bian is zero are a somewhat smaller compared to the regular run and the Jacobians
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values just outside the border of this area are also smaller, resulting in a smoother
spatial structure. For the coupled case the difference between the Jacobian values
of the regular and the chess-type case is larger. While the regular run has very high
Jacobian values due to the relatively high perturbation size, the chess-type coupled
Jacobian has smaller Jacobian values. The values and structure of the chess-type
coupled Jacobian are more alike the offline Jacobians. The main difference is that
there is more noise visible for the chess-type coupled case in the areas where the
offline Jacobians were zero.

Figures 4.12 and 4.13 shows the root mean square error and bias forecast scores
for the offline and coupled EKF with regular and chess-type Jacobians. For the of-
fline runs there is almost no difference between the chess-type and regular Jacobian
EKF scores. For the coupled runs, the scores of the bias of RH2m increases for
the chess-type run. For T2m of the coupled runs, the bias decreases during daytime
(forecast range 6h-15h) but increases during the night (forecast range 18h-30h).

For the remainder of this research we will continue to use the regular Jaco-
bians calculation, since, corresponding to what was found in Balsamo (2003), the
chess-type Jacobian calculation in some cases adds additional noise to the spatial
structure and in general has a slightly higher bias in the coupled case, while giving
similar scores as the regular Jacobian for the offline case.

4.4.2.2 Diurnal cycle

Figure 4.14 shows the Jacobian and gain values for δRH2m/δWs and δRH2m/δWg2

averaged over the whole domain on 2 July 2010 for REFofl, FILofl, REFcpl and
FILcpl for the different run-times (00:00, 06:00, 12:00 and 18:00 UTC). The aver-
age values of REF and FIL lie close together for all components, indicating that on
average the proposed solutions do not cause any major changes in the values of the
Jacobians and gain coefficients. The sensitivity of T2m to soil moisture is mainly
negative, while the link between RH2m and soil moisture is positive. The Jacobian
values with respect to initial soil temperature perturbations correspond very well
to the values shown by Mahfouf et al. (2009). A diurnal cycle can be seen where
the sensitivity of RH2m to changes in soil moisture and soil temperature is largest
during daytime (12:00 and 18:00 UTC) whereas the sensitivity of T2m to changes
in the soil temperature is largest during night time (00:00 and 06:00 UTC). The
link between the soil and the screen-level atmosphere is provided through turbu-
lent surface fluxes, and these fluxes have a strong diurnal cycle (Mahfouf et al.,
2009). The gain values of the deep soil layer (Wg2 and Tg2) are a factor 10 larger
than those of the superficial soil layer (Wg1 and Tg1). This is caused by the longer
memory of the deep soil layer compared to the superficial soil layer. Any change
made at time t0 in the superficial soil layer will dissipate quickly and at analysis
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(a) offline Jacobian, δT2m/δWg2 for chess-type
(left) and regular (right) perturbations

(b) offline Jacobian, δRH2m/δWg2 for chess-
type (left) and regular (right) perturbations

(c) coupled Jacobian, δT2m/δWg2 for chess-type
(left) and regular (right) perturbations

(d) coupled Jacobian, δRH2m/δWg2 for chess-
type (left) and regular (right) perturbations

Figure 4.11: Comparison of Jacobian values for regular and chess-type perturbations

time t (i.e 6 h later) this perturbation in the superficial soil has almost completely
disappeared. A perturbation to the deep soil layer at time t0 has a more lasting
effect on the screen-level variables and will still be present at the analysis time t,
causing larger Jacobian and gain values. Therefore it is especially important to
make sure that the increments in the deep soil layer are good since their effect will
be more lasting than the effect of increments in the superficial soil layer.

The values and diurnal cycle of the coupled case are similar to the offline case.
The most important difference is the larger values for the four Jacobians related
to soil moisture. These Wg1 and Wg2 related Jacobian and gain values are 2 to 4
times larger for the coupled case. There is a larger sensitivity of T2m and RH2m

to changes in soil moisture for the coupled case. For soil temperature (not shown
here) the average Jacobian and gain values are very similar to those of the offline
case. The differences between FILcpl and REFcpl are somewhat larger, while in
the offline case the values of FILofl and REFofl were almost exactly the same.
Thus, in the coupled case, the filter is more often needed to remove oscillations.
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Figure 4.12: RMSE and BIAS of RH2m and T2m for July 2010 for UCCLE-UKKEL for
the offline chess-type and regular EKF.

Figure 4.13: RMSE and BIAS of RH2m and T2m for July 2010 for UCCLE-UKKEL for
the coupled chess-type and regular EKF.

4.4.2.3 Spatial structure of Gain and Jacobians

Figure 4.15 shows the spatial structure of the Jacobian values for δT2m/δWg2 on
6 July 2010 at 18:00 UTC for the reference calculation (REF) and the filtering
solution (FIL). As expected, the Jacobian values are negative for δT2m/δWg2,
indicating that an increase in deep soil moisture (Wg2) results in a decrease in
screen-level temperature and vice versa. For the offline version (first row), there
are some areas in which the Jacobian values are zero. These areas have a negative
SWI value indicating that the soil is too dry for the perturbation in Wg2 to have
any effect on T2m. At the right border in the middle of the REFofl figure, there are
a few grid-points with high positive Jacobian values while their surroundings have
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Figure 4.14: Jacobian and gain values for the δRH2m/δWs and δRH2m/δWg2 averaged
over the whole domain on 2 July 2010 for REFofl, FILofl, REFcpl and FILcpl for 00:00,

06:00, 12:00 and 18:00 UTC. The solid lines represent the Jacobian values (values on the
left vertical axis), the dashed lines represent the gain values (values on the right vertical

axis).

the normal, negative values (cfr. in the black circle). This is probably noise caused
by non-linearities or oscillations in the Jacobian values during the runs. In FILofl,
where the oscillations are filtered out, these spurious values disappear. The spatial
structure of FILofl is almost identical to that of REFofl.

The Jacobian values calculated with coupled runs (row two and three) have
a slightly different spatial structure than those of the offline runs (first row). The
second row of Fig. 4.15 shows the Jacobian values calculated with positive pertur-
bations of size 10−2. The areas where the offline version had zero values are now
characterized by very high negative values. This can be explained by the fact that
the optimal perturbation size is much higher for the coupled version compared
to the offline version (10−2 vs. 10−7). Due to this high, positive perturbation
size, a relatively large amount of soil moisture is added in the perturbed run which
raises the slightly negative SWI value above zero and in doing so, re-enables the
soil fluxes driven by evapotranspiration that were shut down when the SWI became
negative. This results in a big difference between the reference run with a negative
SWI value and the perturbed run with a positive SWI value, and hence a large Ja-
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Figure 4.15: Map of the Jacobian and gain value for δT2m/δWg2 for 6 July 2010 at
18:00 UTC for REF (left) and FIL (right) of the offline (first row) and coupled (second and
third row) version. The perturbation size for the offline runs was 10−7 and for the coupled

runs 100.01 (second row) and 10−0.01 (third row).

cobian value in these areas. The Jacobian values in these areas are the highest for
REFcpl+, and somewhat lower for FILcpl+. This mechanism also becomes clear
when we look at the Jacobian values of the third row. Here, the Jacobian values
are calculated with coupled runs and negative perturbations of size 10−2, so the
SWI value will only be decreased by the perturbations. In this case the areas with
negative SWI value also have a Jacobian value of zero, like in the offline case. For
the offline case there is no such difference between the Jacobians calculated with
positive and negative perturbations (not shown here), because in the offline case
the linearity assumption is much better approximated. In the presence of strong
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non-linearities, like around SWI-values of 0, the validity of the linearity assump-
tion breaks down and the EKF provides a suboptimal analysis. Balsamo et al.
(2004) propose not to do any assimilation in these cases, using a masking function
that checks for several thresholds like cloud cover and precipitation. Since it is
not easy to list all possible sources of non-linearities, we propose to filter out the
oscillations occurring in case of non-linearities.

For the coupled runs in the north-east part of the domain there are some spuri-
ous, positive Jacobian values (while it is expected that the link between T2m and
Wg2 is negative). These are caused by non-linear feedback mechanisms in the
coupled runs that cannot occur in the offline runs.

The structure and values of the Jacobians calculated in coupled runs is similar
to those of the Jacobians calculated in offline runs, which confirms the results
of Balsamo et al. (2007). The offline runs are thus a valid and much cheaper
alternative for the coupled runs. An added advantage of the offline runs is that
they allow smaller perturbation sizes and hence the linearity assumption has a
much better validity.

4.4.3 Increments

Figure 4.16: Map of the innovations (observation-background) for T2m (in K) and RH2m

(in %) on 6 July 2010.

Figure 4.17 shows the increments (i.e. analysis-background) of Wg2 and Tg2
accumulated for one day, 6 July 2010 for the offline REF and FIL run and the
coupled REF run. Figure 4.16 shows the corresponding accumulated innovations
(i.e. observation-background) for T2m and RH2m. The region over Belgium is
characterized by positive innovations for T2m up to 7 K and negative innovations
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for RH2m up to 40 % indicating that the model is too cold and wet in this area. This
can be seen in the increments. This area is characterised by negative increments
for Wg2 on this day up to 20 mm and positive increments for Tg2 up to 3.3 K. The
east side of the domain is characterised by positive Wg2 increments corresponding
to positive RH2m innovations and negative T2m innovations. The increments in
Wg2 are limited to the regions with a non-negative SWI value. In the areas with
a negative SWI value the Jacobian and hence also the increments are zero (cfr.
Fig. 4.15). This causes the spatial structure of the Wg2 increments to be somewhat
irregular at those locations (Hamdi et al., 2014b). The differences between REF
and FIL are very small.

Figure 4.17: Map of the increments (analysis-background) for Wg2 (in mm) and Tg2 (in K)
on 6 July 2010 for REFofl, FILofl and REFcpl.

The increments for Wg2 are larger for REFcpl than for REFofl while the incre-
ments for Tg2 are similar for the two runs. This corresponds to the findings about
the Jacobian and gain values, that were also larger in the coupled case for the soil
moisture related Jacobians. The spatial structure is very similar for the offline and
coupled case.

4.4.4 Evaluation for a single point

Figure 4.18a shows the increments for Wg2 for July 2010 in Beitem (location in-
dicated in Fig. 4.1) for REFofl (black) and FILofl (red). The increments of REF
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Figure 4.18: Evolution of the Wg2 increments and RH2m forecast scores at a forecast
range of 6 h (RMSE and BIAS) during July 2010 in Beitem (Belgium) for REFofl (black)

and FILofl (red).

and FIL have the same sign and on most days are similar in size. The large incre-
ment for FIL on 14 July corresponds to a heavy precipitation event in the region.
In the second half of the month the increments for FIL are often larger than those
for REF. It is easily explained by the evolution of the SWI values for Wg2 (not
shown). On the 9th of July the negative increment of REF is much larger than
that of FIL. In FIL the noise filtering in the Jacobian prevents the large negative
increment. This results in a negative SWI-value for REF, while the SWI value of
FIL is just above zero. As a consequence FIL remains sensitive to increments,
while in REF the increments for Wg2 remain near zero as long as the SWI value
is negative. The heavy precipitation event of 14 July brings the SWI value of REF
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above zero again, but on 16 and 19 July this results in a strong negative Wg2 in-
crement. After that the SWI value of REF remains below zero most of the time,
while the SWI value of FIL is positive and thus FIL has larger increments in this
period. Figure 4.18b shows the evolution of the RH2m RMSE and BIAS forecast
scores for a forecast range of 6 h during July 2010 in Beitem. In the first half of
the month the scores of REF and FIL lie very close together. In the second half of
the month, FIL performs a little bit better on most days.

REFofl
FILofl

REFofl
FILofl

Figure 4.19: Forecast scores (BIAS and RMSE) for RH2 m and T2m for all forecast ranges
of the runs at 00:00 UTC averaged over July 2010 in Beitem (Belgium) for REFofl (black)

and FIL1ofl (red).

REFcpl
FILcpl

REFcpl
FILcpl

Figure 4.20: Forecast scores (BIAS and RMSE) for RH2 m and T2m for all forecast ranges
of the runs at 00:00 UTC averaged over July 2010 in Beitem (Belgium) for REFcpl (black)

and FILcpl (red).

Figures 4.19 (offline case) and 4.20 (coupled case) show the RMSE and BIAS
forecast scores for all forecast ranges averaged over July 2010 for the station of
Beitem. The RMSE and BIAS of RH2m are slightly improved in the filtering run
compared to the reference run. For T2m the RMSE of REF and FIL are very sim-
ilar, but small differences can be seen in the BIAS. Table 4.2 shows the T2m and
RH2m forecast scores averaged over 13 stations in Belgium for REFofl, FILofl,
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REFcpl and FILcpl. This shows that, when averaging over 13 stations in Belgium,
the filtered runs give a small improvement in scores for RH2m and similar scores
for T2m. The scores of the offline and coupled runs are very similar to each other.
In the coupled case the improvement in the filtering (FIL) RH2m scores compared
to REF is larger than the improvement in the offline scores (table 4.2 and figures
4.19 and 4.20). This is probably due to the fact that in the coupled case more
oscillations are present due to feedback mechanisms between the soil and the at-
mosphere. Overall the scores of FILcpl are the lowest. For FILcpl, the coupling
between the soil and the atmosphere allows a more correct Jacobian calculation
and the filtering succeeds in removing the more abundant oscillations.

Offline Coupled
REFofl FILofl REFcpl FILcpl

T2m RMSE (K) 2.2 2.2 2.2 2.2
T2m BIAS (K) 0.1 0.1 0.1 -0.1
RH2m RMSE (%) 15.2 15.0 15.2 14.5
RH2m BIAS (%) -4.9 -4.6 -4.5 -3.2

Table 4.2: Overview of the RMSE and BIAS scores for T2m and RH2m averaged over the
13 stations and over July 2010.

4.5 Conclusions and perspectives

In this chapter we have studied the Jacobians of an EKF using the SURFEX ex-
ternalised version of the land surface scheme ISBA. We tested this EKF with the
assimilation of T2m and RH2m observations to correct errors in soil moisture and
soil temperature. The experiments were run over the ALADIN-Belgium 4 km do-
main for July 2010. The Jacobians of the EKF are calculated using finite differ-
ences approaches and require a perturbed run for each of the four soil prognostic
variables. These perturbed runs can be done in coupled or offline SURFEX mode
(i.e. coupled to an atmospheric run or with pre-calculated atmospheric forcing).
We compared this offline and coupled approach for the calculation of the Jaco-
bians. Results show that the offline approach allows smaller perturbations so that
the linearity assumption for the calculation of the Jacobians with finite differences
is better approximated. This is in accordance with Balsamo et al. (2007). The Ja-
cobian and gain values are somewhat higher with the coupled approach for the soil
moisture related Jacobians. The soil temperature related Jacobians have the same
values in the coupled and offline approach. The spatial structure of all Jacobians
is similar between the two approaches. The offline approach is thus a good and
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computationally much cheaper alternative to the coupled approach for calculating
the Jacobians.

We identified 2∆t oscillations during the late afternoon when a stable bound-
ary layer starts to form and the Richardson number changes from negative to posi-
tive values. The oscillations occur in the surface variables related to surface fluxes
and screen-level variables like T2m and RH2m that are interpolated between the
surface and the lowest model level. These small oscillations are artificial and dis-
appear again after a short time. They occur only in a limited number of grid-points.
They do not have a detrimental effect on the performance of the model runs but can
introduce locally noise in the Jacobian of the EKF. Nevertheless, as was shown in
Fig. 4.18b, this noise turns out to have a substantial accumulated impact in a data
assimilation cycle and filtering it improves the forecast scores, specifically for rel-
ative humidity. We have proposed and tested a numerical filter to deal with these
oscillations. The filter is applied to the simulated T2m and RH2m values before
using them in the Jacobian calculation. Results show that the filter is successful
in removing the oscillation. The advantage of the filter is that it is simple to im-
plement and barely requires any additional computation. The spatial structure and
average value of the Jacobians and increments is very similar for the filtered run
compared to the reference (i.e. with oscillations present).

The T2m and RH2m forecast scores for the offline and coupled approach are
very similar. In both approaches the filtering produces similar scores for T2m

and a small improvement in the RH2m scores. This RH2m improvement is larger
for the coupled approach and in general the coupled, filtered approach gives best
forecast scores. However, due to limited computational resources, we still prefer
the offline filtered approach which takes a lot less computing time. For example,
on the Belgian computer the offline approach of the EKF takes 7 minutes on 6 cpus
while the coupled approach takes 52 minutes.

In conclusion we can say that the filter is effective in removing the oscillations
and thus the noise in the Jacobian calculation. This is the case for the coupled as
well as the offline approach, where the latter has the advantage of being computa-
tionally cheaper and better approximating the linearity assumption for the Jacobian
calculation.

The results in this chapter are specific to the choice of LSM, i.e. the 2-layer
IBSA scheme. For example the dominance of the weights of the Jacobians of wg2
compared towg1 is expected to change when a more realistic vertical discretization
of the soil layers is used like in the ISBA-DIF scheme (Boone et al., 2000; Habets
et al., 2003). The results also depend on the choice of the background and error
covariance matrices values. In this chapter we used the values proposed by Mah-
fouf et al. (2009). It could be interesting to compare the increments and forecast
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scores for different values of these covariance matrices.
The experiments in this chapter were performed without atmospheric assimi-

lation (i.e. no 3-dimensional variational assimilation, 3D-var), which could influ-
ence the results. In the next chapter the filtered offline approach of the EKF soil
analysis for SURFEX will be combined with a 3D-var assimilation for the upper-
air of the ALARO model. This will be an important step towards the operational
use of the EKF which is planned for the future.



5
Combining the EKF soil analysis with

a three dimensional variational
upper-air assimilation

Based on: Duerinckx, A., Hamdi, R., Deckmyn, A., and Termonia, P.: Combin-
ing an EKF soil analysis with a 3D-Var atmospheric assimilation in a limited area
NWP model, Q. J. R. Meteorol. Soc., to be submitted, 2015.

In the previous chapter the EKF surface assimilation technique was studied in
detail to find its optimal set-up. A filter was added to deal with spurious oscilla-
tions in the Jacobian of the observation operator and the filtered offline approach
of the EKF came out as the most suitable one for operational use. In this chap-
ter, the offline filtered EKF will be combined with a 3D-var assimilation for the
upper-air. This set-up will be compared to a number of other possible set-ups to
initialise the soil and the atmosphere, such as Optimal Interpolation for the surface
and interpolation from the ARPEGE analysis for the surface and/or the upper-air.
The aim of this chapter is to evaluate the new 3D-Var+EKF set-up and to find an
optimal operational set-up for the Royal Meteorological Institute of Belgium.
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5.1 Introduction

The improvement of land surface schemes and surface assimilation techniques dur-
ing the past ten years has led to considerable improvements in the short-range
forecasts of lower atmospheric fields in NWP (Giard and Bazile, 2000). While
Optimal Interpolation (OI) is the more commonly used technique for operational
surface assimilation (eg. Giard and Bazile (2000); Mahfouf et al. (2000); Bélair
et al. (2003); Rodriguez et al. (2003); Drusch (2007)), in recent years the Extended
Kalman Filter (EKF) is gaining more attention and has replaced to old OI scheme
for soil moisture analysis in the Integrated Forecast System (IFS) of the ECMWF
(de Rosnay et al., 2012). It is also used operationally at the German Weather
Service (Hess, 2001). An EKF has been developed for the land surface scheme
SURFEX (Masson et al., 2013) by Mahfouf et al. (2009). In our preliminary tests
in Chapter 3 it showed promising results in improving the short-range screen-level
forecast scores. In SURFEX, both OI and the EKF assimilate observations of
screen-level temperature and relative humidity to correct errors in soil moisture
content and soil temperature. Screen-level observations contain information on
the state of the soil due to the coupling between the surface and the atmosphere
governed by the sensible and latent heat fluxes (cfr. Chapter 2). The advantage
of the EKF over OI is that it has a more generic formulation of the gain coeffi-
cients and thus can easily be extended towards new observation types. Therefore
the EKF offers many possibilities for further improvements and extensions. For
example, it has already been extended to include AMSR-E soil moisture retrievals
(Draper et al., 2009), radar precipitation information (Mahfouf and Bliznak, 2011)
and ASCAT soil moisture (de Rosnay et al., 2012).

Still, the EKF also shares a number of challenges with OI. The most important
one is that the coupling between the surface and the atmosphere is not always as
high (Draper et al., 2009). This means that the screen-level departures, that form
the basis for the soil corrections, are not always linked to errors in the soil, for
example in cloudy conditions. In these cases, the soil is thus erroneously corrected
to compensate for errors that are elsewhere in the model. This can lead to unreal-
istic values for the soil parameters as well as an increase in forecast errors in the
next couple of days to even weeks (Hess et al., 2008). According to Hess et al.
(2008) the most problematic situation occurs when the model predicts a high ra-
diative impact with a high coupling between the surface and the atmosphere, while
in reality the conditions are cloudy with a low coupling between the surface and
the atmosphere. In this case the model will claim that the surface is responsible
for the departures, while in reality the departures are due to a different cause, such
as an erroneous cloud cover. Also errors in precipitation events can steer the soil
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moisture in the wrong direction for a couple of days (Hess et al., 2008).

The relatively high impact of these erroneous corrections stems from the evapo-
transpiration - precipitation feedback (Christensen et al., 1997; Drusch, 2007; Hess
et al., 2008; Masson et al., 2013). These feedback processes can be local as well
as non local (Betts and Viterbo, 2005) and influence the weather on timescales
from hours to months (Seuffert et al., 2002; Ferranti and Viterbo, 2006; Beljaars
et al., 1996). For example, once the surface is too dry, the latent heat flux will
be underestimated due to less available water for evapotranspiration. This leads
to fewer humidity in the lower atmosphere and a smaller possibility of convection
and cloud formation. Less clouds will in turn cause too much radiative impact at
the surface and will lead to further drying out of the surface and less convective
precipitation. To recover from this feedback process either a heavy precipitation
event is necessary, restoring the soil moisture to a sufficient level for evapotranspi-
ration, or the surface assimilation should detect and correct the erroneous state of
the soil. The latter is not always straightforward. The increments calculated by the
surface assimilation depend on the coupling between the soil and the atmosphere
at that moment, while the model coupling does not always correspond to the real
coupling, due to the errors in the soil state or atmosphere. For example when the
soil is too wet, the increased evapotranspiration and clouds will cause the model to
act as if there is a low coupling between the surface and the atmosphere and thus
the corrections to this too wet soil will be very small, so the soil remains too wet
for some time.

To overcome this problem there are two possibilities: the first one is to hard-
code threshold values to control the level of coupling between the surface and the
atmosphere used in the assimilation process. The second possibility is to try and
improve the state of the atmosphere and in doing so, trying to avoid these cases
of erroneous predictions of cloud cover and precipitation. This is where upper-
air assimilation comes into the picture. The question addressed in this paper is
whether combining surface assimilation with upper-air assimilation has an added
value compared to using either of them separately.

In global models, the aim of upper-air assimilation is to avoid model drifting
and make sure that the larger scale systems are well represented by the model state.
Limited area models can then run on a finer resolution as a dynamical adaptation
of the global run, using an interpolated analysis of the global model as initial con-
ditions. For a limited area model the lateral boundary conditions (LBC’s), coming
from the global model, take care of the larger scales during the forecast. Instead
of using an interpolated global analysis as initial conditions, one can also use a
local data assimilation cycle to create the initial conditions for the LAM. The pur-
pose of the upper-air data assimilation for LAMs is not so much to improve these
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larger scales, but to improve the humidity, divergence and vertical velocities of the
LAM to get a better cloud cover and precipitation forecasts (Fischer et al., 2005).
With the model resolutions getting higher and higher, the need for high-density
observations, like GNSS and radar data, grows (Fischer et al., 2005; Fillion et al.,
2010). Installing a local upper-air assimilation cycle for limited area models, can
be seen as a first step towards the assimilation of these high-density observations,
which are expected to further improve the atmospheric humidity, cloud cover and
precipitation and in doing so, also are beneficial for the surface assimilation.

Since both surface and upper-air assimilation have a positive impact on the
forecast scores and potentially on each other, the combination of surface assim-
ilation and upper-air assimilation has been the subject of many studies (Tudor
et al., 2013; Stanešić, 2011; Randriamampianina and Storto, 2008; Schneider et al.,
2009) and is used operationally in a lot of meteorological institutes1. Stanešić
(2011) describes the combination of a three dimensional variational (3D-Var) as-
similation for the upper-air in combination with Optimal Interpolation for the sur-
face. Their verification shows a positive impact for the upper-air fields as well
as the screen-level variables, especially for screen-level temperature and relative
humidity and upper-air humidity. Randriamampianina and Storto (2008) report
improvements on the short forecast range, while in Schneider et al. (2009) the
results are more mixed.

de Rosnay et al. (2012) shows the operational use of an EKF in combina-
tion with upper-air assimilation. They show how the EKF surface assimilation is
used operationally at the ECMWF in combination with a four dimensional varia-
tional (4DVar) atmospheric assimilation, replacing the old OI soil moisture anal-
ysis in the global Integrated Forecasting System (IFS). For soil temperature, the
OI scheme is still used. Since the ECMWF does not yet have an externalised ver-
sion of their land surface model HTESSEL (Hydrology Tiles ECMWF Scheme for
Surface Exchange over Land; Van den Hurk et al. (2000); Balsamo et al. (2009)),
cpu-intensive, fully coupled forecasts are used to calculate the Jacobian of the
EKF. For computational efficiency reasons, the surface analysis at the ECMWF is
run in parallel with the upper-air 4dVar analysis.

In this chapter we will combine the EKF with a 3D-Var upper-air assimilation
for the limited area model ALARO coupled to SURFEX. This combination, that
has never been tested before, will be compared to a number of other set-ups using
either OI or an interpolation of the ARPEGE surface analysis for the surface and
3D-Var or an interpolation of the ARPEGE upper-air analysis for the atmosphere.
All set-ups are tested during a one-year experiment in order to compare the results

1eg. at Météo France, ECMWF, Met. Hungary, ZAMG Austria, Met. Slovenia, Met. Norway, Met.
Sweden
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for all seasons.

5.2 Methodology and Experimental Set-up

Analogously to what has been done in de Rosnay et al. (2012), the EKF surface
analysis is combined with an independently run upper-air assimilation. In contrast
to their work, the limited area model ALARO is used instead of a global model
and the atmospheric analysis is done with 3D-Var (Fischer et al., 2005) instead of
the computationally much more expensive 4dVar. The ALARO model is coupled
to the two-layer version of ISBA within SURFEX and the EKF Jacobian of the
observation operator is calculated using the offline, filtered approach of Duerinckx
et al. (2015) (cfr. Chapter 4). The values of the EKF parameters are the same as
in Mahfouf et al. (2009) (cfr. Chapter 4). The observation error covariance matrix
R is a diagonal matrix with elements set to 1K for 2m temperature and 10% for
relative humidity. The background error covariance matrix B is also a diagonal
matrix, with 2K for the background errors of the superficial and deep soil moisture
content and 0.1× (wfc−wwilt) for the superficial and deep soil moisture content,
with wfc the field capacity and wwilt the permanent wilting point. A static B-
matrix was used for the EKF, like in the set-up of de Rosnay et al. (2012), Mahfouf
et al. (2009) and Duerinckx et al. (2015).

Initial Conditions

Atmosphere Soil
Open Loop (OL) ARPEGE analysis ARPEGE analysis
Optimal Interpolation (OI) ARPEGE analysis OI
Extended Kalman Filter (EKF) ARPEGE analysis EKF
3D-Var+OL 3D-Var ARPEGE analysis
3D-Var+Free run 3D-Var 6h fc. from prev. run
3D-Var+OI 3D-Var OI
3D-Var+EKF 3D-Var EKF
3D-Var+OI/EKF 3D-Var OI(soil temp.)

+ EKF(soil moisture)

Table 5.1: Overview of the initial conditions used for the soil and for the atmosphere in the
different experiments that were run

The 3D-Var+EKF run is the new combination under evaluation here and is
compared to runs without local assimilation and runs with only local upper-air or
local surface assimilation (cfr. table 5.1). In case of no local assimilation, the
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initial conditions are interpolated from an ARPEGE analysis. The free surface run
indicates the case in which the surface is run freely without reinitialisation at each
assimilation cycle. Instead, the new assimilation cycle simply uses the 6h forecast
of the surface from the previous assimilation cycle.

All experiments were run during one year, 2013, with a 6-hour assimilation cy-
cle and use the operational ALADIN-Belgium domain which has a 4km resolution
(181 × 181 grid points). The upper-air was run with 46 vertical levels. For the
surface assimilation screen-level relative humidity and temperature observations
were used from SYNOP and TEMP reports in the OPLACE database (Observa-
tion Pre-processing for LACE, Bölöni et al. (2009)). The observations used for
the upper-air assimilation are listed in table 5.2 and also come from the OPLACE
database. The 3D-Var analysis only uses conventional observations such as wind
profiler, radiosonde, aircraft data and surface synoptic observations. Since the fo-
cus is mainly on the soil analysis and the added value of combining it with an
atmospheric analysis, no satellite data or high-density observations such as GNSS
or radar data were used. The use of such observations takes a lot of preparation
and monitoring and is out of the scope of this thesis. The set-up of this thesis can
be seen as a preparatory step for the assimilation of high-density observations in
the future.

Observation type Parameters
SYNOP LAND T,Z,Q
SYNOP SHIP U,Z,T
AIREP/AMDAR U,V,T
DRIBU/BUOY Z
RADIOSONDES (TEMP) Z,U,V,T,Q
WINDPROFILER U,V

Table 5.2: Use of observations in the upper-air analysis: assimilated parameters

The background error covariance matrix of the 3D-Var assimilation system was
created using the analysis-ensemble method (Berre et al., 2006; Ştefănescu et al.,
2006; Fisher, 2003; Pereira and Berre, 2006) as described in section 3.3.2.1.

5.3 Results

In this section, the different runs will be compared to each other with regards to
the soil moisture and soil temperature increments, verification against soil, screen-
level and sounding observations, and the SAL precipitation scores.
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5.3.1 Increments

Figure 5.1 gives an overview of the increments for the EKF run. For each of the
four prognostic soil variables, the increments are averaged per season. Figure 5.2
gives a similar overview for the OI run. The average increments for superficial soil
temperature (Tg1) are positive for all seasons, except for Summer. The Tg1 incre-
ments are strongly linked to the screen-level temperature (T2m) departures. For OI
for example, the Tg1 increments are equal to the T2m departures (cfr. chapter 3).
This indicates that in general the model is too cold compared to the observations,
except during Summer. This corresponds to what can be seen in the screen-level
forecast scores of the 3D-Var+Free run shown later in this chapter. While the as-
similation runs are able to correct a part of this bias compared to the free run, they
are not able to remove the bias completely. It is likely that the soil is not the only
cause of the cold bias.

The EKF Tg1 increments are approximately ten times smaller than the OI Tg1
increments. This is caused by the EKF Jacobians that are very small for Tg1 (cfr.
Chapter 4). The Jacobians measure the sensitivity for the screen-level variables to
changes in the soil. They are calculated over a 6 hour time interval, measuring the
effect of a change in the soil to the screen-level variables 6 hour later. In the case
of Tg1 this sensitivity is very low due to the very short memory of the superficial
soil layer. This short memory is not mirrored in the OI gain coefficients, where the
T2m departures are taken as Tg1 increments. For Tg2 the opposite is true: the EKF
increments are approximately four times as large as the OI increments. The larger
EKF Tg2 increments are once again rooted in the Jacobian values that in this case
reflect the long memory for Tg2.

For Wg1 there is a small moistening trend throughout the year. This trend
is the same for Wg2 except during Spring, where there is a drying trend. This
indicates that in Spring the model is too moist while especially in Summer it is too
dry. In Autumn and Winter the Wg2 increments are smaller. This corresponds to
the screen-level scores of the 3D-Var+Free run later in this chapter. The screen-
level scores indicate that the model is too moist during spring and too dry during
Summer. In Autumn and Winter the dry bias is much smaller than in Summer.
The increments are especially successful in removing this bias in Spring and to a
lesser extend in Autumn and Winter. Even though in Summer the soil moisture
increments are the largest, they are not able to correct the dry bias that can be seen
at night in the screen-level scores. Once again, it is likely that the soil is not the
only cause of the dry bias in this case. One possible explanation could be the errors
in the precipitation forecasts that are highest during Summer, as will be shown later
in this chapter. Another possibility is a too low cloud cover due to which there is
too much evapotranspiration and the soil dries out too much.
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Figure 5.3 shows the differences in increments between the runs with and with-
out 3D-Var (3D-Var+EKF - EKF and 3D-Var+OI - OI) during Spring. Beware that
the Tg1 differences for EKF are ten times smaller than for OI. For Tg1 the differ-
ence is positive (∼ 0.1K for OI and ∼ 0.01K for EKF), especially in the northern
part of the domain. This means the 3D-Var runs have higher positive increments
than the runs without 3D-Var, which would indicate larger screen-level departures.
The Tg2 increments have the same spatial structure but decreased values for OI and
increased values for EKF, similar to the increments of OI and EKF themselves.
For superficial soil moisture (Wg1) the increment differences are very small and
slightly positive for 3D-Var+EKF - EKF, but slightly negative for 3D-Var+OI - OI.
For Wg2 the increment differences are negative for both surface assimilation tech-
niques indicating that the already negative increments in OI and EKF are somewhat
more negative in 3D-Var+EKF and 3D-Var+OI, indicating higher screen-level de-
partures for the 3D-Var runs. Results for the other seasons are similar to those
during Spring, with the differences in Summer being somewhat more pronounced
(not shown).



COMBINING THE EKF SOIL ANALYSIS WITH A 3D-VAR UPPER-AIR ANALYSIS 5-9

(b) TG1, Spring (c) TG1, Summer (d) TG1, Autumn (e) TG1, Winter

(g) TG2, Spring (h) TG2, Summer (i) TG2, Autumn (j) TG2, Winter

(l) WG1, Spring (m) WG1, Summer (n) WG1, Autumn (o) WG1, Winter

(q) WG2, Spring (r) WG2, Summer (s) WG2, Autumn (t) WG2, Winter

Figure 5.1: Increments per season for the EKF-run
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(b) TG1, Spring (c) TG1, Summer (d) TG1, Autumn (e) TG1, Winter

(g) TG2, Spring (h) TG2, Summer (i) TG2, Autumn (j) TG2, Winter

(l) WG1, Spring (m) WG1, Summer (n) WG1, Autumn (o) WG1, Winter

(q) WG2, Spring (r) WG2, Summer (s) WG2, Autumn (t) WG2, Winter

Figure 5.2: Increments per season for the OI-run
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(b) TG1*10, 3D-
Var+EKF - EKF

(c) TG1, 3D-Var+OI -
OI

(e) TG2, 3D-Var+EKF
- EKF

(f) TG2, 3D-Var+OI -
OI

(h) WG1, 3D-
Var+EKF - EKF

(i) WG1, 3D-Var+OI -
OI

(k) WG2, 3D-
Var+EKF - EKF

(l) WG2, 3D-Var+OI -
OI

Figure 5.3: Difference in increments between the run with a 3D-Var analysis and an
interpolated ARPEGE atmospheric analysis for EKF and OI during Spring.
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5.3.2 Soil Verification

To verify the soil moisture and soil temperature analysis, measurements of soil wa-
ter content and soil temperature from the Fluxnet database (Fluxnet, 2015) were
used at 2 locations for deep soil moisture content (Wg2, measurement depth 0.05m)
and 6 locations for deep soil temperature (Tg2, measurement depth 0.05m). The
locations with their available observations are listed in table 5.3 and figure 5.4.
The table also indicates the vegetation type as it is indicated on the Fluxnet web-
site (Fluxnet, 2015) and the percentages of clay, sand and silt as they are used in
SURFEX. The percentages of clay and sand stem from the FAO database (FAO,
2006) used in ECOCLIMAPII (Faroux et al., 2013). The remaining percentage
that is not attributed to clay or soil is assumed to be silt (Mokhatari et al., 2012).
Only measurements for the deep soil layer were considered, since this layer has
the most impact on the forecast due to its longer memory.

Albergel et al. (2012) describes the soil moisture validation strategy of the
ECMWF. They state that, while in situ measurements of soil moisture are an im-
portant source of information for validations, these measurements also contain
considerable errors and their uncertainty is often unknown. Therefore they pro-
pose temporal correlation, bias and root mean square difference (RMSD) as main
validation metrics. They prefer RMSD over RMSE to emphasise that in situ data
may contain instrumental and representativeness errors and are by no means con-
sidered to be the ’true’ soil state. Conceptually, soil moisture varies between two
values: the residual soil moisture (i.e. the water that is not extractable by plants
or drainage because of the molecular bounding to soil particles) and the saturation
point, over which water begins to flow over the surface without even entering the
soil. These values often do not correspond between the model parameters and the
observed values. For this reason the soil moisture measurements and model values
are both rescaled to the [0, 1] interval to match the same range before calculating
the bias and RMSD.

5.3.2.1 The surface assimilation runs

Figure 5.5 shows the correlation, bias and RMSD for Wg2 and Tg2 at the site in
Loobos in the Netherlands for OL, EKF and OI. The Tg2 and Wg2 bias both in-
dicate that during winter the soil is too moist and cold, while in summer the soil
is too warm but with a small soil moisture bias and RMSD. This is confirmed by
figure 5.6, that shows the corresponding Tg2 and Wg2 evolution during the year
for these runs and for the observations. The yearly temperature cycle in the model
seems to be somewhat larger than in the observations. Especially during winter
the models show freezing soil temperatures at the end of January, while the tem-
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Figure 5.4: Locations of stations for the the soil observations (cfr Table 5.3).

perature in the observations is around 4◦C. Furthermore the temperature in the
model seems to make larger jumps than that of the observations. The soil mois-
ture evolution graphs in figure 5.6 indicate the field capacity and wilting point at
Loobos. The model wilting point and field capacity were calculated according to
the model percentage of clay (5%), taken from FAO (2006), while the observation
field capacity and wilting point was calculated using the clay percentage indicated
at the Loobos website (Moors, 2015) (1%), used for the calibration of the measure-
ments. For soil moisture the model Wg2 values remain around the field capacity
during winter, while the observations are still somewhat below their field capacity,
confirming that during winter the model is too moist. During summer both model
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and observations are approximately 2% above the wiling point, indicating a good
correspondence.

The Tg2 correlation is high in the first four months and during the Summer and
Autumn. In the transition period from Spring to Summer (May and June) and from
Autumn to Winter (November and December) the correlation is reduced from ∼
70% to ∼ 20%. This can possibly be explained by the very moist and cold Spring
that was very similar to the Winter at the beginning of 2013. During late April,
May and June there was an alternation between a few warm days (T2m ≈ 20◦

at Uccle), and colder days like during early Spring. Only in early July the first
stable period of warmer weather occurred. The model Tg2 values seem to make
this change from cold to warm weather too quickly. A steep rise occurs in the
model at the beginning of April, followed by on average a constant temperature
until the end of May and only afterwards there is rising trend again in the model.
The observation values also make a jump at the beginning of April (although a
smaller one) but afterwards have a continuing rising trend until half of July. For
Wg2 the correlation at Loobos is high during Winter (between 50% and 75%)
but low or even slightly negative during Summer. The Wg2 observations show a
larger variation during summer than the model Wg2 values, which greatly reduces
the correlation. Possibly the measurements of Wg2 were taken not deep enough
(0.05m depth) compared to the wg2 model depth (∼ 0.50m).

Comparing the EKF with OI and OL, it is clear that for Wg2 the OI values
start dropping later than those of EKF and OL, while during late Summer the EKF
values start rising faster and sooner than the OL values and OI has the slowest rise
in soil moisture for this period. Due to the high volatility of the Wg2 observations
during this period and the missing values for October, it is not clear how this
corresponds to the measurements.

The figures of the other 6 measurement stations are shown in appendix C. For
the stations of Vielsalm, Selhausen, Rollesbroich and Brasschaat the Tg2 correla-
tion is quite high (∼70%) with small reductions in February-March or May. In
general all figures agree that the soil was too cold during the Winter and too warm
during Summer. The difference between the yearly minimum and maximum deep
soil temperature in the model is thus too large compared to those of the observa-
tions.

5.3.2.2 The upper-air assimilation runs

Figures 5.7 and 5.8 show the scores and evolution of Tg2 and Wg2 for OL, 3D-
Var+OL and 3D-Var+free. The first thing to notice is that the values of OL and
3D-Var+OL coincide exactly, as they should since they share exactly the same
initial soil state. The 3D-Var+Free run has higher correlations during Summer for
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Figure 5.5: Correlation, Bias and Rood Mean Square Difference for deep soil moisture
content (Wg2) and deep soil temperature (Tg2) for OL, EKF and OI at Loobos, 16km West

of Apeldoorn (52.1666◦N, 5.7436◦E)

Figure 5.6: The evolution of deep soil moisture content (Wg2) and deep soil temperature
(Tg2) for OL, EKF and OI at Loobos, 16km West of Apeldoorn (52.1666◦N, 5.7436◦E)

both soil moisture and soil temperature. During Spring this run has a lower Tg2
bias due to the fact that the 3D-Var+free Tg2 values remain lower compared to the
OL run and this corresponds better to the observations. However, for Wg2 there is
a higher bias in Spring corresponding to a low, slightly negative correlation value
in April. This is caused by the fact that the 3D-Var+free Wg2 values remain too
high until the end of May, compared to the observations that already start to drop
from the middle of March.

5.3.2.3 The Surface & Upper-air assimilation runs

Figures 5.9 and 5.10 show the soil verification scores and evolution for OL, 3D-
Var+OI, 3D-Var+EKF and 3D-Var+OIEKF. The 3D-Var+EKF and 3D-Var+OIEKF
runs seem to benefit from the the combination of surface- and upper-air assimila-
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Figure 5.7: Correlation, Bias and Rood Mean Square Difference for deep soil moisture
content (Wg2) and deep soil temperature (Tg2) for OL, 3D-Var+Free and 3D-Var+OL at

Loobos, 16km West of Apeldoorn (52.1666◦N, 5.7436◦E)

Figure 5.8: The evolution of deep soil moisture content (Wg2) and deep soil temperature
(Tg2) for OL, 3D-Var+Free and 3D-Var+OL at Loobos, 16km West of Apeldoorn

(52.1666◦N, 5.7436◦E)

tion since the reduction in correlation during November is much less than for the
EKF run (i.e. without 3D-Var). Also the bias and RMSD for 3D-Var+EKF and
3D-Var+OIEKF are reduced compared to the EKF run from August on and are
now similar to that of the OL run. This is caused by a less strong rise in soil mois-
ture from August until October compared to the EKF run, that now corresponds
better to the observations. For Tg2 results are very similar between the runs with
and without 3D-Var, so for the soil the main influence of 3D-Var seems to be in
the soil moisture content.
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Figure 5.9: Correlation, Bias and Rood Mean Square Difference for deep soil moisture
content (Wg2) and deep soil temperature (Tg2) for OL, 3D-Var+OI, 3D-Var+EKF and

3D-Var+OIEKF at Loobos, 16km West of Apeldoorn (52.1666◦N, 5.7436◦E)

Figure 5.10: The evolution of deep soil moisture content (Wg2) and deep soil temperature
(Tg2) for OL, 3D-Var+OI, 3D-Var+EKF and 3D-Var+OIEKF at Loobos, 16km West of

Apeldoorn (52.1666◦N, 5.7436◦N)
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5.3.3 Screen-level verification

To verify the effect of the assimilation on the forecast scores, the Root Mean
Square Error (RMSE) and bias are calculated for screen-level temperature (T2m)
and relative humidity (RH2m) for 13 synoptic stations spread over Belgium (cfr.
table 5.4 and figure 5.11).

Location Longitude Latitude altitude
(◦E) (◦N) (m)

Uccle (U) 4.36 50.80 101
Beitem (B) 3.12 50.91 25
Zeebrugge (Z) 3.20 51.35 8
Zelzate (Zz) 3.81 51.18 8
Melle (M) 3.83 50.98 15
Sint-Katelijne-Waver (S) 4.53 51.08 10
Dourbes (Do) 4.60 50.10 233
Ernage (E) 4.69 50.58 157
Retie (R) 5.03 51.22 21
Humain (H) 5.26 50.19 296
Diepenbeek (Di) 5.45 50.92 39
Buzenol (Bu) 5.59 49.62 324
Mont Rigi (M) 6.07 50.51 673

Table 5.4: Stations used for the screen-level verification.

5.3.3.1 The surface assimilation runs

Figure 5.12 shows the average RMSE and bias for RH2m for each season for the
OL, EKF and OI runs and figure 5.13 shows the corresponding RMSE and bias for
T2m. The Open Loop is the set-up used for the current operational runs, with the
surface and the atmosphere both interpolated from an ARPEGE analysis. This is
the reference run that we are trying to match with the new local data assimilation
set-ups, as a first step towards an operational local data assimilation cycle.

In Winter the RMSE and BIAS scores for RH2m and T2m all lie very close
together. Since there is only a limited amount of solar incoming radiation at the
surface, the coupling between the surface the atmosphere is rather low and the sur-
face assimilation does not have a large impact. Still, the EKF and OI run manage
to give a small improvement in the RH2m bias during the first twelve hours of the
forecast.

During the other three seasons the surface assimilation runs seem to perform
equally well or even improve the OL run during the first 6 to 12 hours of forecast
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Figure 5.11: Locations of stations for the the screen-level observations (cfr Table 5.4).

for RH2m. During Spring the surface assimilation runs are able to remove the
negative RH2m bias completely for the first 12 hours, although the OL run is still
better for the remaining 12-48 hours of the forecast. During Summer the EKF run
is able to obtain similar RH2m scores as the OL run, while the OI run suffers from
a too large negative bias compared to EKF and OL. This corresponds to the soil
moisture observations at Loobos from the previous section, which indicated that
the soil moisture for the OI run remained lower from July until October compared
to the EKF and OL run. During Autumn, the RH2m scores already lie closer
together but now the EKF run is able to improve the RMSE and BIAS of RH2m

for the whole forecast range up to 48 hours. In general, during Spring there is
a moist bias, while during Summer there is dry bias for RH2m. In Autumn and
Winter the biases are close to zero for RH2m.

For T2m the surface assimilation runs seem to have more difficulties in improv-
ing the scores. Except during Summer, there is persistent cold bias in OL as well as
in EKF and OI and especially during Spring the cold bias of EKF and OI is worse
than that of OL, while during Autumn and Winter the biases of OL, EKF and OI
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are very similar. The difficulties of the local surface assimilation during Spring
could potentially be explained by the very cold Spring that year, that was marked
by 11 snow days in Uccle. In cold and cloudy situations the coupling between the
surface and the atmosphere is weak, so the surface assimilation will not be able
to correct much for errors in the soil. During the snow days the coupling is even
weaker and the layer of snow acts as a wall between the temperature of the soil and
that of the air. The ARPEGE surface analysis interpolation seems to handle this
situation above Belgium better. This difference might be explained by differences
in parametrizations and physiography between ARPEGE and ALARO+SURFEX.

In Summer the cold temperature bias is removed and both the OL run as the
surface assimilation runs have a very small bias.

5.3.3.2 The upper-air assimilation runs

.
Except during Autumn, the 3D-Var+OL run is able to improve the RH2m

scores during the first 12 hours of the forecast. Especially the bias is reduced
very successfully during Spring and Winter. While in Autumn the RMSE of 3D-
Var+OL is slightly higher than that of OL during the first three hours of the fore-
cast, it is equally low or even slightly lower during the remain forecast ranges. For
T2m the 3D-Var+OL run has a slightly higher RMSE during the first 9 to 12 hours
of the forecast, but is in general able to keep up with OL very well.

The 3D-Var+free run has a a local 3D-Var upper-air assimilation but a surface
that is allowed to run freely. The fact that this run has a considerably higher RMSE
and bias for RH2m and T2m indicates the importance of the surface assimilation.
While the runs with a local surface assimilation (see previous subsection) are not
always able to match the scores of the runs with an interpolated ARPEGE surface
analysis, they perform considerably better than the free-surface run that cycles the
surface without any assimilation. The local surface assimilation is thus able to
correct for most of the model drifting compared to the free run.

5.3.3.3 The surface & upper-air assimilation runs

The scores of the runs with upper-air and surface assimilation are very similar to
those of the runs with only surface assimilation (figures 5.16 and 5.17). During the
first 6 to 12 hours of forecast the assimilation runs have lower or similar RH2m

RMSE scores as the OL run. For Autumn the 3D-Var+EKF and 3D-Var+OIEKF
run remain below the OL RMSE for the whole forecast range. During Winter the
combination of surface and atmospheric assimilation is able to completely remove
the RH2m bias during the first 12 hours of forecast and afterwards have similar
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(a) Spring 2013 (MAM) (b) Summer 2013 (JJA)

(c) Autumn 2013 (SON) (d) Winter 2012-2013 (DJF)

Figure 5.12: Screen-level relative humidity RMSE and BIAS scores for OL, EKF and OI
averaged over 13 stations in Belgium averaged per season.

scores as the OL. In this case the combination of 3D-Var with surface assimilation
is better than the surface assimilation runs without 3D-Var (cfr. figure 5.12). For
Summer on the other hand, the EKF run has a lower RMSE as the 3D-Var+EKF
run.
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(a) Spring 2013 (MAM) (b) Summer 2013 (JJA)

(c) Autumn 2013 (SON) (d) Winter 2012-2013 (DJF)

Figure 5.13: Screen-level temperature RMSE and BIAS scores for OL, EKF and OI
averaged over 13 stations in Belgium averaged per season.
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(a) Spring 2013 (MAM) (b) Summer 2013 (JJA)

(c) Autumn 2013 (SON) (d) Winter 2012-2013 (DJF)

Figure 5.14: Screen-level relative humidity RMSE and BIAS scores for OL, 3dVar+OL and
3dVar+Free averaged over 13 stations in Belgium averaged per season.
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(a) Spring 2013 (MAM) (b) Summer 2013 (JJA)

(c) Autumn 2013 (SON) (d) Winter 2012-2013 (DJF)

Figure 5.15: Screen-level temperature RMSE and BIAS scores for OL, 3D-Var+OL and
3D-Var+Free averaged over 13 stations in Belgium averaged per season.
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(a) Spring 2013 (MAM) (b) Summer 2013 (JJA)

(c) Autumn 2013 (SON) (d) Winter 2012-2013 (DJF)

Figure 5.16: Screen-level relative humidity RMSE and BIAS scores for OL, 3D-Var+OI,
3D-Var+EKF and 3D-Var+OIEKF averaged over 13 stations in Belgium averaged per

season.
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(a) Spring 2013 (MAM) (b) Summer 2013 (JJA)

(c) Autumn 2013 (SON) (d) Winter 2012-2013 (DJF)

Figure 5.17: Screen-level temperature RMSE and BIAS scores for OL, 3D-Var+OI,
3D-Var+EKF and 3D-Var+OIEKF averaged over 13 stations in Belgium averaged per

season.
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5.3.4 Upper-air Verification

For the upper-air verification sounding measurements were used from the Wyoming
Weather web database (Oolman, 2015) for 4 different locations (see table 5.5 and
figure 5.18). Sounding scores were calculated averaged over these 4 locations for
each of the four seasons for temperature (fig. 5.19) and specific humidity (fig.
5.20). For the higher atmospheric levels (pressure < 900 hPa) only two lines are
visible in the plots due to coinciding scores of the different runs. The solid, blue
line, with the smallest RMSE scores represents all the runs without local 3D-Var
assimilation (i.e. with the interpolated ARPEGE upper-air analysis), while the
other line with the larger RMSE scores represents the runs with a local 3D-Var
upper-air assimilation. From figure 5.19 it is clear that our current 3D-Var system
is not able to get an equally well upper-air analysis as the ARPEGE interpolation.
This could be related to a number of differences between the ARPEGE analy-
sis and our 3D-var system. First of all ARPEGE uses a more advanced four di-
mensional variational (4D-Var) assimilation system that adapts the model solution
to the observations by an implicit flow-dependency. Furthermore the ARPEGE
4D-Var analysis includes a weak digital filter constraint that reduces the imbal-
ances while trying to fit the observations. The ARPEGE 4D-Var system also uses
more observation types such as satellite observations, that could greatly reduce the
RMSE (Randriamampianina and Storto, 2008). Furthermore, the global ARPEGE
analysis uses all observations, while the ALARO 3D-Var system only can use the
observations that lie within the domain. With respect to the bias, the differences
between the runs with and without local 3D-Var are not as pronounced. During
Spring the 3D-Var assimilation runs even have a smaller temperature bias than the
ARPEGE interpolated runs at a height between 700hPa and 300hPa. Also for spe-
cific humidity (fig. 5.20) the RMSE of the ARPEGE interpolated runs is lower
than that of the 3D-Var runs, especially for the lower layers (>700hPa). While
the specific humidity bias on average varies around zero for all atmospheric model
levels, during Winter there is a dry bias for all runs in the lower atmosphere.

In the lowest part of the atmosphere (> 900hPa) differences between the dif-
ferent runs arise, indicating the influence of the surface assimilation for this part
of the atmosphere. For temperature the 3D-Var runs have a smaller bias than the
ARPEGE interpolation runs for the lowest model level, with during Summer and
Autumn the lowest bias for the 3D-Var+OL run, while in Winter the 3D-Var+EKF
and 3D-Var+OI run perform best.
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Location Latitude Longitude Time of sounding
(◦N) (◦E) (UTC)

Trappes (FR) 48.77 2.00 12:00
Beauvecchain (BE) 50.76 4.77 00:00
Essen (DE) 51.40 6.96 00:00 and 12:00
Idar-Obserstein (DE) 49.70 7.33 12:00

Table 5.5: Soundings used for the upper-air verification

5.3.5 Precipitation Verification

The precipitation forecasts are verified using the SAL (structure, amplitude and
location) method of Wernli et al. (2008) described in Chapter 2. The precipita-
tion forecasts are verified against quantitative precipitation estimates with a radar-
gauge merging method following Goudenhoofdt and Delobbe (2009). The values
for structure component, characterizing the shape and size of the precipitation,
range between -2 (too small or too peaked objects) and 2 (too large or too flat
objects), with 0 for the correct structure. The amplitude also varies between -2
(under-predicted total precipitation amount) and 2 (over-predicted total precipita-
tion amount). The location component lies between 0 (correct location) to 2 (large
distance between observed and forecasted location).

Table 5.6 shows the SAL-scores for the different experiments, averaged over
Spring (March, April, May). For all three components all values are positive, in-
dicating that in general the precipitation forecasts are too large and intense and are
somewhat mislocated. The best (lowest) scores are for the runs with only surface
assimilation, for which the upper-air is interpolated from an ARPEGE analysis. A
possible explanation for this is that the local 3D-Var set-up assimilates only con-
ventional observations and no satellite or high-density observations. The ARPEGE
4D-Var assimilation does assimilate satellite data and probably has better humidity
profiles due to this. Compared to the OL, with ARPEGE interpolation for both the
surface and the upper-air, the surface assimilation has a small positive effect on the
structure and amplitude, but causes a slight increase in location mismatch.

Table 5.7 shows the SAL scores for the Summer (June, July, August). Com-
pared to the Spring scores, the structure (S) and length (L) values are now higher.
This indicates that during Summer the predicted precipitation objects are too large
and at a wrong location. The model has some problems predicting the small scale
features of the precipitation. This is probably due to the fact that Summer is typ-
ically characterized by more localized convective precipitation than the other sea-
sons. The amplitude scores are in general much lower than those during Spring, so
the amount of precipitation is well captured by the model during Summer. When



5-30 CHAPTER 5

Figure 5.18: Locations of stations for the the sounding observations (cfr Table 5.5).

comparing the different runs to each other, once again the best scores are for the
runs with ARPEGE interpolation for the upper-air. For the OI run, the average
amplitude is almost perfect, being very close to 0.

In Autumn (table 5.8) the scores of all components are low compared to Spring
and Summer and only slightly positive. The precipitation is thus still somewhat
too large and intense , but not so much anymore. While September 2013 was a
relatively dry month, the largest amount of the precipitation in Autumn fell during
October and November and consisted mostly of frontal precipitation. The model
seems to handle this precipitation very well. In Autumn the best structure and
amplitude scores go to the 3D-Var+free run in which the surface is cycled (i.e.
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S A L
OL 0.235 0.347 0.099
3D-Var+OL 0.326 0.449 0.114
3D-Var+free 0.352 0.441 0.119
3D-Var+OI 0.337 0.457 0.112
3D-Var+EKF 0.310 0.463 0.121
3D-Var+OIEKF 0.294 0.453 0.118
EKF 0.226 0.343 0.107
OI 0.241 0.331 0.112

Table 5.6: The average Spring(MAM) S(structure)A(amplitude)L(location) scores against
radar observations for the different runs listed in table 5.2.

S A L
OL 0.407 0.153 0.203
3D-Var+OL 0.427 0.232 0.189
3D-Var+free 0.552 0.339 0.226
3D-Var+OI 0.397 0.161 0.191
3D-Var+EKF 0.398 0.201 0.197
3D-Var+OIEKF 0.380 0.193 0.193
EKF 0.363 0.097 0.195
OI 0.369 -0.007 0.191

Table 5.7: The average Summer(JJA) S(structure)A(amplitude)L(location) scores against
radar observations for the different runs listed in table 5.2.
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S A L
OL 0.125 0.130 0.092
3D-Var+OL 0.126 0.095 0.096
3D-Var+free 0.091 0.070 0.094
3D-Var+OI 0.127 0.085 0.088
3D-Var+EKF 0.132 0.087 0.094
3D-Var+OIEKF 0.126 0.087 0.096
EKF 0.118 0.127 0.090
OI 0.114 0.121 0.089

Table 5.8: The average Autumn(SON) S(structure)A(amplitude)L(location) scores against
radar observations for the different runs listed in table 5.2.

S A L
OL 0.266 0.233 0.117
3D-Var+OL 0.267 0.278 0.121
3D-Var+free 0.279 0.281 0.128
3D-Var+OI 0.225 0.257 0.115
3D-Var+EKF 0.250 0.267 0.122
3D-Var+OIEKF 0.241 0.262 0.121
EKF 0.212 0.220 0.114
OI 0.214 0.196 0.115

Table 5.9: The average Winter(DJF) S(structure)A(amplitude)L(location) scores against
radar observations for the different runs listed in table 5.2.

the initial state for the surface is a forecast from the previous cycle, without any
assimilation). With regards to the amplitude, all runs with 3D-Var for the upper-air
have somewhat lower scores than the runs with an interpolated ARPEGE upper-air
analysis, so 3D-Var seems to be able to better represent the upper-air humidity in
this season. With regards to structure, the 3D-Var+free run is the only one with
such a low score, indicating that the free surface manages to best capture the small
scale features of the precipitation. With regards to the length, all scores lie very
close together.

The SAL scores for Winter (December, January, February) are summarized
in table 5.9. The scores are somewhat higher than in Autumn but still relatively
low and all larger than zero. Once again the runs with an upper-air ARPEGE
interpolation as initial state outperform the other runs. However, this time the OI
and EKF run also outperform the OL run so the surface assimilation is in this case
able to improve the precipitation forecasts a little bit compared to the runs with an
interpolated ARPEGE analysis surface.
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Overall it is clear that the runs with an interpolated ARPEGE upper-air analysis
outperform the 3D-Var runs for all seasons except for Autumn, during which all
precipitation scores are very low and closer together. Summer is characterised by
the highest SAL scores, probably due to the convective nature of precipitation in
summer that is harder to predict precisely.

5.4 Summary

In this chapter the offline filtered EKF of Chapter 4 was combined with a 3D-
var assimilation for the upper-air. This 3D-Var+EKF set-up for a LAM has not
been tested before and was compared to a number of other possible set-ups to
initialise the surface and the atmosphere. The aim of this chapter was to examine
whether combining surface assimilation with upper-air assimilation has an added
value compared to using either of them separately. The second aim was to find
an optimal set-up for the operational set-up of the Royal Meteorological Institute
(RMI) of Belgium. To achieve these goals, the different runs were compared with
regards to the soil moisture and soil temperature increments and a verification was
done against soil measurements, screen-level observations, soundings and merged
radar-rain-gauge precipitation observations.

The increment verification indicates that the model screen-level values are in
general too cold except during Summer. The surface assimilation runs are able
to remove some of this cold bias, but not everything. It is likely that the soil is
not the only cause of the cold bias. With regards to soil moisture content, there
is a drying trend in the increments during Spring and a moistening trend during
the other seasons. Looking at the screen-level forecast scores, the increments are
especially successful in removing the wet bias during Spring and to a lesser extend
in Autumn and Winter. Differences between the runs with and without a local 3D-
Var upper-air assimilation indicate that the runs with 3D-Var have larger screen-
level departures that result in larger soil increments.

For the verification of the soil, measurements from the Fluxnet database were
used at 2 locations for soil moisture and at 6 locations for soil temperature. The
soil verification was done according to the soil moisture validation strategy of the
ECMWF (Albergel et al., 2012). The biases for soil moisture and soil temperature
indicate that during Winter the soil is too moist and cold, while in summer the soil
is too warm but with only a very small moisture bias. Since in situ measurements
of soil moisture and temperature contain considerable errors and often have an
unknown uncertainty, the correlation of these measurements with the model values
is an important verification score. Soil temperature correlations are high except
during the transition period from Spring to Summer and from Autumn to Winter.
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In late Spring the model seems to make the transition from cold to warm weather
too quickly compared to the observations. For soil moisture the correlations during
Summer are very low or even slightly negative. The soil moisture observations
show a much larger variation during Summer than the model values. A possible
reason for this is the fact that the soil moisture measurements were only taken at
0.05m depth while the soil moisture layer has a depth of 0.5m. When comparing
the different runs, it is remarkable that the 3D-Var+free run has higher correlations
during Summer for both soil moisture and soil temperature. This free surface
run has a surface that is not reinitialised each assimilation cycle but is run freely
across the cycles. The 3D-Var+EKF and 3D-Var+OIEKF (i.e. with EKF used for
soil moisture analysis) runs seem to benefit from the combination of surface and
upper-air assimilation for soil moisture. For soil temperature the results are very
similar for the runs with and without 3D-Var.

The screen-level verification scores indicate the benefits of surface assimilation
for the relative humidity scores, especially during the first six to twelve hours of
the forecast. The surface assimilation runs are able to gain similar or even better
relative humidity scores compared to the Open Loop run, which is the current
operational set-up at the RMI in Belgium. The EKF runs are more successful
in beating the Open Loop than the OI runs, especially during late Summer and
Autumn. For screen-level temperature, the surface assimilation runs seem to have
more difficulties in improving the Open Loop scores and the model suffers from a
persistent cold bias during all seasons except for Summer. When looking at the 3D-
Var+OL run, it is clear that the 3D-Var upper-air assimilation is able to improve
the relative humidity scores during the first 12 hours of the forecast compared
to the Open Loop. The fact that the 3D-Var+free run has a considerable higher
RMSE and bias for screen-level relative humidity and temperature indicates the
importance of surface assimilation for the screen-level scores. During Winter the
combination of surface and atmospheric assimilation outperforms the runs with
only surface assimilation or only upper-air assimilation. For summer on the other
hand, the runs with only surface assimilation perform better than the runs with a
combination of surface and upper-air assimilation.

To verify the upper-air, sounding observations were used from 4 different lo-
cations. The scores indicate that the current 3D-var system is not able to get an
equally well upper-air analysis as the ARPEGE interpolated atmosphere. This is
probably due to the limited number of observation types used in our 3D-var set-up
and adding satellite observations could reduce this problem. For the lowest model
levels (pressure > 900hPa) the influence of the different surface-assimilation set-
ups are visible in the sounding scores.

Also the precipitation verification shows the need for more observation types



COMBINING THE EKF SOIL ANALYSIS WITH A 3D-VAR UPPER-AIR ANALYSIS 5-35

for the atmosphere. The best precipitation scores are in general for the runs with
the interpolated ARPEGE upper-air analysis and not the 3D-Var runs. Only in
Autumn the 3D-Var runs outperform the ARPEGE interpolated runs. In Spring
the precipitation forecasts are too large and intense. In Summer the precipitation
scores are the worst, with objects that are generally too large and at the wrong
location, while the amount of precipitation is well captured. In Autumn and Winter
the precipitation scores are very good. The model seems to be able to capture
frontal precipitation systems very well but has more difficulties with the small-
scale features of the convective precipitation in Summer.

Overall it can be concluded that the surface assimilation, and more specifically
the EKF, has a positive effect on the humidity scores that is able to produce similar
or improved scores compared to the current operational Open Loop set-up. For
temperature the benefits of the surface assimilation are less pronounced, but still
manage to get similar scores as the Open Loop in most cases.

The 3D-Var assimilation mainly suffers from a lack of observations resulting
in a higher RMSE in the sounding scores and higher values for the precipitation
error scores. Still, the potential benefits of the combination of upper-air and sur-
face assimilation is shown in the soil moisture and screen-level relative humidity
verification. If the 3D-Var set-up is extended to include satellite, GNSS and radar
data, this will benefit all verification scores and improvements compared to the
current operational Open Loop set-up are probable.

Considering all this, it seems beneficial to include surface data assimilation in
the operational set-up of the RMI. Before adding a 3D-var upper-air assimilation in
the operational set-up, it should be investigated whether the use of satellite, GNSS
and radar data can resolve the issues with the upper-air shown in this chapter.
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(a) Spring (MAM) (b) Summer (JJA)

(c) Autumn (SON) (d) Winter (DJF)

Figure 5.19: Sounding scores for temperature during the four seasons, averaged over the
four sounding stations from table 5.5
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(a) Spring (MAM) (b) Summer (JJA)

(c) Autumn (SON) (d) Winter (DJF)

Figure 5.20: Sounding scores for specific humidity during the four seasons, averaged over
the four sounding stations from table 5.5





6
Synthesis and Perspectives

A good surface initialisation can improve the short and medium range forecast
scores considerably in Numerical Weather Prediction (NWP). The surface interacts
with the planetary boundary layer through the partitioning of sensible and latent
heat fluxes and the evapotranspiration-precipitation cycle. Since the soil has a
long memory, a good initialisation of the surface scheme is important. For this
initialisation, surface assimilation techniques can be used. The aim of this thesis
is to explore the possibilities of an Extended Kalman Filter (EKF) as a surface
initialisation technique for the limited area NWP model ALARO coupled to the
surface scheme SURFEX.

6.1 Main conclusions and limitations
There were two main objectives in this thesis:

1. The validation of the EKF for ALARO coupled to SURFEX. For this vali-
dation a comparison was made of the offline and coupled approach for the
calculation of the Jacobian of the observation operator of the EKF. Also,
the effect of non-linearities in the link between the surface and the lower
atmosphere was studied.

2. The validation the EKF in combination with a 3D-Var atmospheric assimi-
lation in an operational setting and a comparison with other possible set-ups
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in order to find the optimal set-up for the Belgian operational NWP-model.
The combination of 3D-Var with EKF for a LAM is new, and to our knowl-
edge it has not been tested before.

These objectives were addressed in four stages that are discussed below. In
the first stage, the importance of land surface processes for NWP is demonstrated
and the land surface model SURFEX is validated above Belgium. In the sec-
ond stage, data assimilation techniques, that provide the initial conditions for the
surface and upper-air, are discussed. In the third stage, the recently developed Ex-
tended Kalman Filter is studied in detail to find its optimal set-up for the Belgian
forecast domain. In the fourth and final stage, this EKF is combined with a 3D-Var
upper-air assimilation and this set-up is validated.

6.1.1 The importance of Land Surface Processes for NWP

Chapter 2 demonstrates the importance of land surface processes in NWP. The
surface influences the Planetary Boundary Layer (PBL) through the partitioning of
sensible and latent heat flux. This partitioning is a steering factor in the evapotranspiration-
precipitation cycle and can for example determine the onset of convection. Due to
the high impact of the surface on the lower atmosphere, a good surface parametriza-
tion is necessary in NWP models. In this regard, the key aspects of the land surface
scheme SURFEX were described. Special attention was given to the parametriza-
tion of the link between the surface and the atmosphere driven by the turbulent
mixing. The parametrization of turbulent exchanges, that follows Monin Obukhov
theory applied to a horizontally stratified PBL, was described, as well as the Ge-
leyn (1988) interpolation method for the screen-level variables. This Geleyn in-
terpolation method serves as the observation operator for the surface assimilation,
used in Chapters 3 to 5.

The validation of SURFEX coupled to ALARO for the Belgian domain showed
that SURFEX on average improves the forecasts compared to the operational ISBA
scheme in ALARO. The impact on 2m temperature, 2m relative humidity, 10m
wind and precipitation is either positive or neutral. Only during the daytime in
winter, SURFEX produces a too high maximum temperature for a high-elevation
station, degrading the scores.

6.1.2 Surface Data Assimilation to create the initial conditions

A good surface initialisation can improve the short and medium range forecast
scores considerably (Douville et al., 2000). Chapter 3 describes a few data assim-
ilation techniques to provide such initial conditions for the surface as well as the
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upper-air. Data assimilation techniques combine observations with a background
state (i.e. a first guess) to provide an initial condition (i.e. an analysis) that is as
close as possible to reality. In doing so, data assimilation takes into account the un-
certainties of the model and the observations by using observation and background
error covariance matrices. For surface data assimilation, ideally observations of the
temperature and moisture content of the soil would be used. However, there are not
enough observations available of this type. Instead, screen-level observations of
temperature and relative humidity can be used in surface data assimilation. In sit-
uations where there is a strong coupling between the surface and the atmosphere,
Chapter 2 showed that these observations contain a lot of information about the
state of the soil.

A commonly used assimilation method for the soil is Optimal Interpolation.
However, it has a few limitations. Due to its analytically calculated gain coeffi-
cients, it requires a lot of work to add new observation types to it. Furthermore,
these gain coefficients are not always in tune with the specific weather and soil
conditions. To overcome these difficulties, Mahfouf et al. (2009) developed an
Extended Kalman Filter for SURFEX. This EKF is the main focus of this thesis.
In Chapter 3 OI and the EKF are described and it is shown that they result in simi-
lar gain values and increments, as well as a similar spatial structure. Therefore the
EKF is a valid and more extendable alternative for OI. The EKF is further studied
in chapter 4.

While upper-air assimilation for global models aims to avoid model drifting
and makes sure that the larger scale systems are well represented in the model,
upper-assimilation for limited area models focuses on improving the humidity,
divergence and vertical velocities to get a better cloud cover and precipitation
forecasts (Fischer et al., 2005). For the upper-air, chapter 3 describes a three di-
mensional variational assimilation with conventional observations (i.e. no satellite
or high-density observations). The Background-error covariance matrix was con-
structed using the ensemble method of Berre et al. (2006). This upper-air assimila-
tion set-up is a first step towards the assimilation of high-density observations such
as GNSS ZTD data and radar data (this is outside the scope of this thesis). In this
thesis, 3D-Var is combined with the EKF for surface assimilation, which, to our
knowledge, has never been done before. In chapter 3 some preliminary tests are
described in which this combination is compared to a number of other initialisation
set-ups. The 3D-Var+EKF runs shows very promising results, outperforming the
other set-ups during the first 12 hours of the forecast. This combination is further
studied in Chapter 5.
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6.1.3 The Jacobian of the Extended Kalman Filter for surface
assimilation

The cornerstone of the Extended Kalman Filter is the Jacobian of the observation
operator. The Jacobian is the key to calculating the dynamical gain coefficients that
incorporate the coupling between the surface and the atmosphere. This coupling
determines how much information the screen-level observations contain about the
state of the soil and is thus very important in the assimilation process. The Jacobian
of the observation operator of the EKF was the focus of chapter 4.

The Jacobian is calculated using a finite differences approach and requires one
perturbed run for each of the four soil prognostic variables. These perturbed runs
can be done in coupled or offline SURFEX mode (i.e. coupled to an atmospheric
run or with pre-calculated atmospheric forcing). We compared this offline and cou-
pled approach and showed that the offline approach allows smaller perturbations
so that the linearity assumption is better approximated. The soil moisture related
Jacobian and gain values of the coupled approach are somewhat higher than those
of the offline approach and similar for temperature. The spatial structure is similar
for the two approaches. The offline approach is thus a good and computationally
much cheaper alternative to the coupled approach.

We identified 2∆t oscillations during the late afternoon when a stable bound-
ary layer starts to form and the Richardson number changes from negative to posi-
tive values. The oscillations occur in the surface variables related to surface fluxes
and screen-level variables that are interpolated between the surface and the lowest
model level. These small oscillations are local and artificial and disappear again
after a short time. They do not have a detrimental effect on the performance of the
model runs but can introduce noise in the Jacobian and have an important accumu-
lated impact on the assimilation process, especially for relative humidity. We have
proposed and tested a numerical filter to deal with these oscillations and shown
that the filter is successful in removing them. The filtering produces similar scores
as the non-filtered runs for screen-level temperature and a small improvement in
relative humidity. This improvement is largest for the coupled approach and in
general the coupled, filtered approach gives the best forecast scores. However, due
to limited computational resources, we prefer the offline filtered approach which
takes a lot less computing time.

6.1.4 Combining the EKF surface assimilation with 3D-Var upper-
air assimilation

Chapter 5 described the combination of the offline filtered EKF with a 3D-var as-
similation for the upper-air. This 3D-Var+EKF set-up for a LAM has not been
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tested before and was compared to a number of other possible set-ups to initialise
the surface and the atmosphere. The aim was to validate this new 3D-Var+EKF
combination and to compare it to a number of other possible set-ups in order to
find an optimal set-up for the operational runs at the RMI in Belgium. To achieve
these goals, the different runs were compared with regards to the soil moisture
and soil temperature increments and a verification was done against soil measure-
ments, screen-level observations, soundings and merged radar-rain-gauge precipi-
tation observations.

The increment values indicate that the model is in general too cold except
during Summer. The surface assimilation runs are able to remove some of this
cold bias, but not everything. Screen-level and soil moisture scores indicate that
the model has a wet bias during Spring and a dry bias during the other seasons.
The increments are especially successful in removing the wet bias during Spring
and the dry bias in Autumn and Winter. The 3D-Var upper-air assimilation is able
to improve the relative humidity scores during the first twelve hours of the forecast
compared to the Open Loop, which uses an APREGE interpolated analysis for the
surface and atmosphere. The run in which the surface is run freely instead of being
reinitialised every assimilation cycle, has a considerable higher RMSE and bias for
screen-level relative humidity and temperature. This indicates the importance of
surface assimilation for the screen-level scores. The combination of surface and
upper-air assimilation seems to be beneficial for the soil moisture and screen-level
relative humidity scores. Still, the sounding scores indicate that the current 3D-
var system is not able to get an equally well upper-air analysis as the ARPEGE
interpolated atmospheric analysis. This is probably due to the limited number of
observation types used in our 3D-var set-up and adding satellite observations could
reduce this problem. Also in the precipitation scores, the best scores are in general
for the runs with the interpolated ARPEGE upper-air analysis and not the 3D-Var
runs. Only in Autumn the 3D-Var runs outperform the ARPEGE interpolated runs.

Overall it can be concluded that the surface assimilation, and more specifically
the EKF, has a positive effect on the humidity scores that is able to produce similar
or improved scores compared to the current operational Open Loop set-up. For
temperature the benefits of the surface assimilation are less pronounced, but it still
manages to get similar scores as the Open Loop in most cases. The 3D-Var assimi-
lation mainly suffers from a lack of observations resulting in a higher RMSE in the
sounding scores and higher values for the precipitation error scores. Still, the po-
tential benefits of the combination of upper-air and surface assimilation are shown
in the soil moisture and screen-level relative humidity verification. Considering all
this, it seems beneficial to include surface data assimilation in the operational set-
up of the RMI. Before adding a 3D-var upper-air assimilation in the operational
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set-up, it should be investigated whether the use of satellite, GNSS and radar data
can resolve the issues with the upper-air shown in this chapter.

6.2 Limitations and Perspectives

The results in this thesis are specific to the choice of LSM and NWP model, i.e.
the 2-layer IBSA scheme within SURFEX and the ALARO NWP model. The
results also depend on the choices regarding the background and error covariance
matrices. For the EKF, the values proposed by Mahfouf et al. (2009) were used.
It would be interesting to tune these values for our set-up, especially those related
to deep soil temperature as there is still room for improvement of the scores. It
would also be useful to tune the background error covariance matrix of 3D-Var,
especially if it would be extended to assimilate other observation types such as
satellite, GNSS or radar data.

An important issue for the surface analysis is the persistent screen-level model-
observation bias that can only partly be attributed to errors in the soil temperature
and soil moisture content. This results in considerable seasonal increments that
have the same sign for most parts of the domain. These increments are only able to
remove a part of the bias, so these biases are probably not solely caused by the soil.
The assimilation thus adjusts the soil to compensate for the errors elsewhere in the
model. While allowing the surface assimilation to correct for systematic errors
in the screen-level forecasts violates the data assimilation theory assumptions, in
practice it ensures better forecasts. In an ideal situaion, these biases would be dealt
with by finding their origin and remove it. In practice this is not always possible
and using surface assimilation techniques can be a good solution from a pragmatic
point of view.

6.2.1 Perspectives for Upper-air Assimilation

The 3D-Var set-up for the upper-air in this thesis only uses the conventional ob-
servations such as radiosondes, synoptic land and ship stations, buoys and wind
profilers. It does not yet exploit the abundance of satellite, radar and GPS obser-
vations. Storto and Randriamampianina (2008) discuss the importance of satellite
data for the 3D-Var upper-air assimilation of the ALADIN model. They show how
the MSG-2/SEVIRI assimilation has a positive impact, especially on the humid-
ity fields after 24 hours of forecast. They also compute the Degrees of Freedom
for Signal (DFS, see e.g. Cardinali et al. (2004)), which is the derivative of the
analysis increments in observation space with respect to observations. DFS thus
measures the importance of each observation type for the analysis. They also show
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that the humidity measurements and humidity-related observations (SEVIRI Water
Vapour channels and AMSU-B) have a high relative importance, while the aircraft
and AMSU-A observations have a high absolute impact. The term relative refers
to a division by the number of observations in each subset. They show the potential
of ground-based GNSS Zenith Total Delay observations, that contain information
about the vertical profile of the atmospheric refractivity, and thus the temperature
profile and integrated vertical moisture content. Brousseau et al. (2014) show that
also radar observations can have a positive impact on the analysis and the short-
range humidity and precipitation forecasts.

Seen to the limited amount of observation types assimilated so far in our 3D-
Var set-up, it would be beneficial to extend this set-up with additional observation
types such as satellite data, radar data and GNSS ZTD data. We already started
working on the assimilation of radar data and GNSS ZTD data, of which some
preliminary results are shown below.

6.2.1.1 GNSS ZTD assimilation

Humidity is an important parameter in the initialization of NWP models, especially
at high resolutions. At the same time it is a difficult parameter to initialize because
of its high variability in time and space. The tropospheric delay data obtained
from ground-based GNSS (Global Navigation Satellite System) tracking stations
contains information about the total amount of water vapor in a column of air and
thus offers a great possibility to improve the initialization of humidity in NWP-
models. The assimilation of Zenith Total Delay (ZTD) data from GNSS stations
mainly impacts the representation of humidity in the low to middle troposphere
(Yan et al., 2009). Studies have shown that assimilating ZTD has a positive impact
on the prediction of precipitation patterns (Poli et al., 2007; Vedel and Huang,
2004; Mahfouf et al., 2015) and cloud forecasts (Bennit and Jupp, 2012). ZTD
data has been assimilated operationally at Météo-France since 2006 and at the
MetOffice since 2007.

We are working on extending our current 3D-Var system with ZTD data. The
Royal Observatory of Belgium (ROB) provides real-time and hourly updated ZTD
estimations within the framework of E-GVAP (see figure 6.1). The ZTD data will
be directly assimilated into the model, using the same approach that is used by
Météo-France (Boniface et al., 2009). In order to estimate the departure between
the observations and the model, the model equivalent ZTD is calculated at each
observation location using an observation operator based on the integration of the
index of refractivity over the model column above the GPS receiver. To calculate
this integration the total pressure, temperature and partial pressure water vapor of
the model are used.
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It is important that the ZTD dataset for the analysis is of good quality. There-
fore a number of preprocessing steps are necessary prior to the assimilation step.
Because of the limited orography representation of the model, large differences
can occur between the true altitude of the GNSS tracking station and the model
altitude at that location. Observations for which this difference in altitude is too
high will be removed. Also observations that deviate too much from the model
background are removed. Furthermore, a static bias correction is applied to the
ZTD-data. This is necessary because variational assimilation assumes unbiased
observations. The initial bias correction is calculated using the differences be-
tween the simulated and observed ZTDs in a passive model run for 30 days (i.e.
with assimilation of only conventional data but no ZTDs) and afterwards the bias
correction coefficients are updated every month. In the future we aim to use a
variational bias correction instead. Spatial thinning is performed at the level of 10
km. The aim is to remove stations that lie too close together, to avoid spatial error
correlations that have a negative effect on the quality of the analysis. Only the ob-
servation at the assimilation time is retained: for a 6h update cycle, only the hourly
observations at 00, 06, 12 and 18 UTC are retained. In the future, the background
error covariance matrix, calculated with the ensemble method (Desroziers et al.,
2005), should be further tuned to accommodate for the ZTD data.

We tested the GNSS ZTD assimilation for one case at 7-9 June 2014 during the
Pentecost storm in Belgium for which the damage claims were over 500 million
euros. The impact of GNSS data assimilation on pseudo-soundings is shown in
figure 6.2. Preliminary results show that the assimilation of SYNOP data and non-
bias corrected ZTD data improves the RMSE and bias of the 2m relative humidity
for short forecast ranges compared to the assimilation of only SYNOP data (see
figure 6.3). However, applying static bias correction largely cancels the positive
effect of ZTD assimilation, possibly due to an overestimation of the ZTD obser-
vation errors with respect to the model background errors. Further study is needed
to look into the ZTD bias correction.

6.2.1.2 Radar data assimilation

We aim to extend our current 3D-Var system with the assimilation of radar data.
To transform the local radar data from the available HDF5-format into the appro-
priate Météo-France BUFR format the ConRad (Conversion of Radar data) tool
has been adapted to include the Belgian data format. ConRad was developed by
met.no in 2010. Preprocessing of radar data is done with the package rmiradlib, a
local fork of wradlib (maintained by E. Goudenhoofdt, Department Observations,
RMIB). This preprocessing includes dynamical clutter identification algorithms
and static (monthly updated) clutter identification with a static clutter map and a
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(a) hourly stations (b) real-time stations

Figure 6.1: The GNSS ZTD stations over the Belgian 4km ALARO domain

Figure 6.2: Impact of GNSS data assimilation on pseudo-soundings on dew-point
temperature (left curve) and temperature (right curve), with gnssDA the run with

SYNOP+ZTD data and synopDA the run with only SYNOP data.

beam blockage map.
The assimilation technique is described in Caumont et al. (2010). They pro-

pose a two-step 1D+3D-Var approach to assimilate the radar reflectivity data. The
reflectivity data is first transformed to a set of vertical humidity profiles and af-
terwards these humidity profiles are assimilated as pseudo-observations into the
3D-Var system. The reflectivity data, which is closely related to hydro-meteor
content in clouds, is thus not assimilated directly into the 3D-Var system. Stud-
ies have shown that not hydro-meteor content but humidity is the crucial variable
to initialize correctly for the water cycle at cloud resolving scale. To transform
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Figure 6.3: 2m RMSE and BIAS scores averaged over 01-09 June 2014 at the station of
Uccle, with gnssDA the run with SYNOP and ZTD data, gnssDA rt the run with SYNOP
and ZTD data of the real-time stations (see figure 6.1) and synopDA the run with only

SYNOP data.

the radar reflectivity data into vertical profiles of relative humidity, a Bayesian ap-
proach is proposed, based on the Goddard profiling algorithm (Kummerow et al.,
2001). The relative humidity pseudo-observations are created as a linear com-
bination of the vertical humidity profiles located in the neighbourhood of each
observation point with weights depending on the departure between the observed
reflectivity profile and the simulated reflectivity profile. The observation operator
that simulates reflectivity profiles according to the model variables is described in
Caumont et al. (2006) and includes effects of the mixing ratio of rainwater, snow,
graupel and pristine ice, beam bending and curvature of the earth and the micro-
physical parametrization of the model. In the second step the humidity pseudo-
observations are assimilated into the ALADIN-model using a 3D-Var technique.
The main drawback of this 1D+3D-Var technique is that the pseudo-observations
are limited to what the model is able to produce, i.e. when a non-zero reflectiv-
ity is observed but not produced by the model, the pseudo-observation will not be
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able to take into account the non-zero reflectivity observation. In order to solve
this, humidity adjustments are allowed to saturate the corresponding grid-point.
The 1D+3D-Var technique is used operationally by Météo-France since 2008 for
reflectivity data from the French ARAMIS radar network in the AROME-France
NWP system. Recent developments include the use of a flow-dependent back-
ground covariance matrix (Montmerle, 2012) and the search for optimal thinning
distances using a posteriori diagnostics to estimate the standard deviation and hor-
izontal correlations of the observation errors.

6.2.2 Surface Assimilation Perspectives

Also for the surface assimilation, and in particular the EKF, an extension towards
more observation types is possible, as shown by a number of different studies
that include AMSR-E soil moisture retrievals (Draper et al., 2009), radar precip-
itation information (Mahfouf and Bliznak, 2011), ASCAT surface soil moisture
(Mahfouf, 2010; de Rosnay et al., 2012). These additional observation types can
provide information about the state of the soil in situations where the coupling
between the surface and the planetary boundary layer is low. In such cases the
screen-level observations will not contain much information about the state of the
soil and they could steer the state of the soil in the wrong direction. Additional ob-
servation types can provide useful additional information and prevent unrealistic
soil increments.

Another point of improvement is a further tuning of the background error co-
variance matrix and the observation error covariance matrix of the EKF. Although
we tested a couple of different values for a short period of time, no thorough tuning
was performed. Well-tuned error covariance matrices will better reflect the true
error uncertainties of the model and the observations and lead to more balanced
increments.

6.2.3 Ensemble Approaches in Surface Assimilation

In upper-air assimilation there is growing interest in ensemble approaches that
tackle the problems related to the flow-dependency of the background error co-
variance matrix. These ensemble approaches are also of interest for surface data
assimilation, with early developments up to ten years ago by Reichle and Koster
(2004) and more recently at Environment Canada (EC) by Carrera et al. (2015)
and at Mto France by Fairbairn et al. (2015). These ensemble approaches help to
get a more realistic cycling of the B-matrix, on which a small experiment was also
performed in this thesis in Chapter 3. Furthermore it helps avoiding the issues of
the tangent-linear approximation of the observation operator that were the subject
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of Chapter 4 and ensemble approaches have the potential of providing an easier
coupling between the atmospheric and land surface assimilation systems. The en-
semble approaches allow a stochastic representation of random forcing and model
errors that could improve the error representation in the data assimilation process.
Furthermore they are better able to deal with an increase in the number of layers in
the soil model, while this increase would cause a large increase in computational
cost for methods like the EKF.

Fairbairn et al. (2015) compare the EKF with a Ensemble Square Root Filter
(EnSRF). They argue that both methods suffer from incorrect linear assumptions
that degrade the analysis during water stressed conditions. These incorrect linear
assumptions are related to the nonlinear evapotranspiration and drainage functions
of the model. While the EKF suffers from an over-sensitivity of the model Jacobian
between the surface and the root zone layers, the EnSRF suffers from a dry bias
caused by the ensemble perturbations that created an excessive evapotranspiration
in dry conditions. Synthetic experiments showed the advantages of an EnSRF
approach over the EKF for precipitation forecasts. However in real experiments
this advantage disappeared and both techniques perform equally well.

6.2.3.1 Smoothing the Soil Wetness Index

The advantage of the EKF over OI is that it has dynamical gain coefficients that
are calculated for each specific time and place during the assimilation. Results
show that the increments of the EKF have a much finer spatial structure than those
of OI. This is a good thing because the increments take into account the coupling
between the surface and the model at that specific place and time and are thus better
tailored to the situation in each grid-point. The downside of this is that nearby grid-
points can have very different increments depending on the cloudiness and other
factors in that grid-point. This results in very heterogeneous soil moisture fields
that have unrealistic gradients. Ivatek-Šahdan (2003) reports a problem with too
strong gradients in the soil wetness index, causing hot spots in certain locations
in Austria, Slovakia and Hungary during hot summer days. These hot spots can
be linked to locations with very dry soils and strong horizontal gradients of the
soil moisture in the model. They propose to use a spatial filter to smooth out the
soil moisture fields and show that this filter improves the root mean square error of
screen-level temperature and relative humidity. It would be useful to implement a
similar filter into SURFEX and apply this to the analysis to see if this could also
improve the screen-level forecast scores above Belgium during the summer.
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6.2.3.2 STAEKF

Parameters for which the estimation with direct or indirect observations is dif-
ficult, can be estimated with a Short Time Augmented Extended Kalman Filter
(STAEKF). This alternative formulation of the EKF was introduced by Carrassi
and Vannitsem (2011) and a feasibility study in the context of surface assimilation
was done by Carrassi et al. (2012). In the STAEKF, uncertain model parameters
can be estimated along with the system state variables by augmenting the system
state with these parameters, so that they become part of the optimization problem.
The augmented forecast model, then looks like this:

zf =

[
xf

λf

]
= F(za) =

[
M(xa)
Fλ(λa)

]
(6.1)

where z = (x, λ) is the augmented state vector. The augmented systemF includes
the modelM for the system state and the model Fλ for the parameters. The anal-
ysis error covariance matrix can then be augmented in a similar way to include the
parameters. The correlations between the parameters and the model state variables
are crucial for estimating the parameters, since they have no direct measurements.
Carrassi et al. (2012) tested this method for the estimation of three surface pa-
rameters (Leaf Area Index, surface albedo and minimum stomatal resistance) for
a single-column version of ISBA in a set of observation system simulation exper-
iments (OSSE). They found that the STAEKF is able to retrieve the true value of
the uncertain parameters and reduces the associated estimation errors. Their re-
sults indicate that the techniques works best for the estimation of the leaf are index
and the albedo and to a lesser extend for the minimal stomatal resistance.

As a continuation of their work, we did a test with the STAEKF forcing it with
real forcing data and using real observations. The performance of the STAEKF
for this single column version of ISBA was compared to the EKF. The forcing
data and observations come from the Cabauw tower located in the Netherlands
(4.927◦E, 51.971◦N, Beljaars and Bosveld (1997)). The forcing data is shown in
figure 6.4 and the results are shown in figure 6.5. Results show that for this case the
STAEKF is more successful in obtaining the correct values for the soil moisture
content compared to the EKF. The big jump in the RMSE scores corresponds to a
heavy precipitation event in the forcing data. The STAEKF manages to reduces the
initial error in LAI, while the albedo error initially diminishes until halfway the run
and then starts rising again. In a further step, this STAEKF will be implemented
as an extension of the EKF in SURFEX.
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Figure 6.4: The forcing data for the single-column assimilation experiment
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Figure 6.5: The Root Mean Square Error for the superficial and mean soil moisture
content for the STAEKF and the EKF and the absolute error of the leaf area index (LAI)

and the albedo (alfa) during the STAEKF run.
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Faroux, S., A. Kaptué Tchuenté, J.-L. Roujean, V. Masson, E. Martin, and
P. Le Mogne, 2013: Ecoclimap-ii/europe: A twofold database of ecosystems
and surface parameters at 1km resolution based on satellite information for use
in land surface, meteorological and climate models. Geosci. Model Dev., 6, 563–
582.

Ferranti, L. and P. Viterbo, 2006: The european summer of 2003: Sensitivity to
soil water initial conditions. J. Climate, 19, 3659–3680.

Fillion, L., et al., 2010: The canadian regional data assimilation and forecasting
system. Weather and Forecasting, 25, 1645–1669.

Findell, K. and E. Eltahir, 2003: Atmospheric controls on soil moistureboundary
layer interactions. part 1: Framework development. Journal of Hydrometeorol-
ogy, 4, 552–569.

Fischer, C., T. Montmerle, L. Berre, L. Auger, and S. Stefanescu, 2005: An
overview of the variational assimilation in the aladin/france numerical weather-
prediction system. Q.J.R.Meteorol.Soc., 131, 3477–3492.

Fischer, E., S. Seneviratne, P. Vidale, D. Lüthi, and C. Schär, 2007: Soil moisture
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spectives at local scale (in french). Groupe de M”et”eorol. Moyenne Echelle,
Cent. Natl. de Rech. M’et’eorol., Météo-France, Toulouse, France., 58pp. pp.
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Abstract. An externalised surface scheme like SURFEX al-

lows computationally cheap offline runs. This is a major ad-

vantage for surface assimilation techniques such as the ex-

tended Kalman filter (EKF), where the offline runs allow

a cheaper numerical estimation of the observation opera-

tor Jacobian. In the recent past an EKF has been developed

within SURFEX for the initialisation of soil water content

and soil temperature based on screen-level temperature and

relative humidity observations. In this paper we make a com-

parison of the Jacobian calculated with offline SURFEX runs

and with runs coupled to the atmospheric ALARO model.

Comparisons are made with respect to spatial structure and

average value of the Jacobian, gain values and increments.

We determine the optimal perturbation size of the Jacobian

for the offline and coupled approaches and compare the lin-

earity of the Jacobian for these cases. Results show that the

offline Jacobian approach gives similar results to the coupled

approach and that it allows for smaller perturbation sizes that

better approximate this linearity assumption. We document

a new case of non-linearities that can hamper this linear-

ity assumption and cause spurious 21t oscillations in small

parts of the domain for the coupled as well as offline runs.

While these oscillations do not have a detrimental effect on

the model run, they can introduce some noise in the Jacobian

at the affected locations. The oscillations influence both the

surface fluxes and the screen-level variables. The oscillations

occur in the late afternoon in summer when a stable bound-

ary layer starts to form near the surface. We propose a filter

to remove the oscillations and show that this filter works ac-

cordingly.

1 Introduction

Externalising surface schemes from upper-air atmospheric

models has many advantages. If the interface between the

different parts is defined in a flexible manner (see Best et al.,

2004, for an example), then it provides the possibility to plug

one scheme into different models, even targeting different ap-

plications, ranging from climate to high-impact weather. An-

other major advantage is that the scheme can also be used

in an offline mode, allowing for cheap solutions in specific

applications. An example of this is studied in the present pa-

per: the implementation of an extended Kalman filter (EKF)

for surface assimilation (Mahfouf et al., 2009), where cheap

offline runs with the SURFEX external land surface model

(Masson et al., 2013; Hamdi et al., 2014a) allow one to nu-

merically estimate the observation operator Jacobian.

Surface assimilation techniques, like this EKF, can im-

prove the boundary layer forecasts of a numerical weather

prediction (NWP) model considerably (Douville et al., 2000;

Hess, 2001; Drusch and Viterbo, 2007). The surface serves

as a lower boundary condition for the NWP model and has

an important impact on the lower atmosphere. Land surface

models (LSMs) determine the partitioning of the energy into

latent and sensible heat fluxes (e.g. by means of evapotran-

spiration processes) and these fluxes provide the main link

between the surface and the atmosphere. In the past two

decades LSMs have been improved considerably. Still, there

are a lot of uncertainties and errors in model parameterisa-

tions, model resolution and observation measurements of soil

variables. In order to provide an optimal initial surface state

for an NWP forecast, the assimilation of surface observations

into the land surface model is necessary. The amount and fre-

Published by Copernicus Publications on behalf of the European Geosciences Union.
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quency of direct soil observations, like root zone soil mois-

ture content and root zone soil temperature, is too limited for

soil analysis. Therefore, Douville et al. (2000) suggest using

screen-level temperature and screen-level relative humidity

as indirect observations for soil moisture content and soil

temperature. These screen-level observations are more fre-

quently and numerously available and in most situations they

contain a lot of information about the soil moisture content

and soil temperature. In the past, optimum interpolation (OI)

(Giard and Bazile, 2000; Mahfouf et al., 2000) was the most

commonly used soil analysis technique. A local OI algorithm

to assimilate screen-level temperature and screen-level rel-

ative humidity has been tested within SURFEX (Mahfouf

et al., 2009) and is used operationally in various NWP cen-

tres.

The screen-level temperature and relative humidity fore-

cast errors are not always caused by errors in the soil vari-

ables (Draper et al., 2011). When the local soil moisture–

atmospheric boundary layer feedback is weak, for example

in situations of weak radiative forcing or strong advection,

the screen-level observations do not provide any informa-

tion about errors in the soil. Therefore, it would be useful

to also include other soil observation types in the soil analy-

sis, for example remotely sensed soil moisture (Draper et al.,

2009, 2011). OI uses analytically derived coefficients, mak-

ing it difficult to include new observation types in this tech-

nique. To overcome this difficulty, a new surface assimila-

tion technique has been recently developed for SURFEX: an

extended Kalman filter (EKF) (Masson et al., 2013; Hamdi

et al., 2014a). The advantages of the EKF over OI are the

dynamically calculated gain coefficients. They make it easier

to include new observation types. Another advantage is that

those dynamical gain coefficients automatically take into ac-

count the situations in which there is only a weak link or

even no link between the soil variables and the atmospheric

boundary layer. Hence no hardcoded switches are needed to

diminish or turn off the assimilation in such cases.

An EKF has been developed for SURFEX by Mahfouf

et al. (2009), assimilating screen-level temperature and rel-

ative humidity to correct soil moisture and soil temperature.

Results indicate that OI and the EKF have similar gain co-

efficients and increments. The EKF has been extended to in-

clude other observation types, like AMSR-E soil moisture

retrievals (Draper et al., 2009), radar precipitation informa-

tion (Mahfouf and Bliznak, 2011), and ASCAT surface soil

moisture (Mahfouf, 2010; de Rosnay et al., 2012).

The cornerstone of the EKF is the Jacobian of the obser-

vation operator. The Jacobian describes the sensitivity of the

screen-level observations to changes in the soil prognostic

variables. Mahfouf et al. (2009) suggest calculating the Jaco-

bian with a finite differences approach, using a reference run

and one perturbed run for each of the soil prognostic vari-

ables (i.e. a run with an initial surface where one of the prog-

nostic variables has been perturbed). These reference and

perturbed runs can either be calculated using SURFEX cou-

pled to a full atmospheric forecast or using SURFEX offline.

The latter is computationally much cheaper. The calculation

of this Jacobian with finite differences assumes a linear re-

sponse of the land-surface evaporation to a small soil mois-

ture variation. Balsamo et al. (2004) show that, even though

this hypothesis is well satisfied, some noise may still enter

the Jacobian matrix under certain meteorological conditions.

For example, under rainy conditions, small perturbations in

soil moisture content can have non-linear threshold effects

on the cloudiness and precipitation. This leads to oscillatory

model trajectories for the screen-level variables and intro-

duces noise in the Jacobian matrix for the rainy areas. Bal-

samo et al. (2004) propose switching off the soil-moisture

analysis under these circumstances. They also show the im-

portance of using a good perturbation size that best satis-

fies this linearity hypothesis. Balsamo et al. (2007) compare

the information content and the gain components for the of-

fline and coupled Jacobian approaches of the EKF. They use

a set of simulated observations in a 1-day assimilation exper-

iment to verify the impact of the coupling assumption. They

use the Interaction between the Soil, Biosphere and Atmo-

sphere (ISBA, Noilhan and Planton, 1989; Noilhan and Mah-

fouf, 1996) surface scheme within the Global Environmen-

tal Multiscale Model (GEM) regional model (Mailhot et al.,

2006; Côté et al., 1998) for the coupled runs. For the offline

runs they use the Land Data Assimilation System (LDAS,

Mitchell et al., 2004), with a 3 hourly forcing from GEM’s

lowest vertical level output (at 50 m height) and a vertical in-

terpolation according to Delage (1997). They conclude that

the gain values are smaller for offline runs, but they have the

same spatial patterns as the values calculated with the fully

coupled runs. The lack of coupling with the full planetary

boundary layer in the case of the offline runs reduces the in-

fluence of the soil variables on the surface boundary layer

(Mahfouf et al., 2009). Overall the Jacobians calculated with

offline runs seem to be a good and computationally more fea-

sible alternative to the use of the Jacobians calculated with

the fully coupled model. In de Rosnay et al. (2012) fully cou-

pled forecasts are used to calculate the Jacobian, because the

ECMWF does not yet have an externalised version of their

LSM (i.e. HTESSEL) at their disposal. They use the EKF

operationally in combination with a four-dimensional varia-

tional (4DVAR) atmospheric assimilation, replacing the old

OI soil analysis of the global ECMWF Integrated Forecast-

ing System (IFS) since November 2010. In their current set-

up the EKF only corrects the soil moisture content, not the

soil temperature.

The numerical approach to calculating the Jacobian makes

the EKF scheme more flexible for surface analysis than the

OI scheme. The EKF does not require analytical recompu-

tation of the observation operator and gain coefficients each

time new observation types are included. Having an exter-

nalised surface scheme that can be run in offline mode, like

SURFEX, is essential to a computationally efficient calcu-

lation of the Jacobians. In this paper the difference between
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the offline and coupled Jacobian calculations is studied more

in depth, correcting for both soil moisture content and soil

temperature. The comparisons are made with SURFEX in

offline mode and coupled to the ALARO model (Bubnová

et al., 1993; Gerard et al., 2009), following the study of Bal-

samo et al. (2007). We document a case where spurious 21t

oscillations occur in some parts of the domain for the cou-

pled as well as offline runs. The oscillations are too small

to have a detrimental effect on the performance of the model

runs and remain thus unnoticed in coupled model runs. How-

ever, in an EKF application, the magnitude of the numerical

perturbations used to estimate the Jacobians may acquire the

same order of magnitude as these oscillations, and this may

induce noise in the affected increments of the data assimila-

tion. In the present paper we provide a workaround for these

oscillations by applying a numerical filter with the EKF for-

mulation. We provide some evidence that these oscillations

are due to a decouplling between the surface and the atmo-

sphere. In Sect. 2 the ALARO model, the SURFEX scheme

and the EKF technique are described and in Sect. 3 the ex-

perimental set-up is given. Section 4 shows the origin and

effects of noisy Jacobians as well as the proposed filtering

workaround. In Sect. 5 the results are presented and a com-

parison is made between the offline and coupled approaches

for the EKF. Finally, the conclusions and perspectives are

discussed in Sect. 6.

2 Methodology

In this paper the atmospheric ALARO limited area model

(LAM) has been used in combination with externalised sur-

face model SURFEX (Hamdi et al., 2014a). When SURFEX

is coupled to the atmospheric model, they exchange fluxes

and forcing at every time step. SURFEX can also be used in

offline mode, i.e. without coupling to an atmospheric run. In

offline mode ALARO provides hourly forcing for SURFEX,

but there is no feedback from SURFEX to ALARO. The dif-

ference between the coupled and offline approaches is shown

in Fig. 1. An EKF is used to provide an initial state for the

surface. The following subsections will discuss in more de-

tail the ALARO model, the SURFEX scheme and the EKF

data assimilation technique.

2.1 The ALARO atmospheric model

The ALADIN model is the LAM version of the Action de

Recherche Peite Echelle Grande Echelle Integrated Forecast

System (ARPEGE-IFS) (Bubnová et al., 1995), developed

by Météo France and the ECMWF. In the ALARO model,

ALADIN is updated with the ALARO-0 physics package.

This parameterisation has been designed to run at resolutions

from the mesoscale to the cloud-resolving scales in a scale-

aware manner, based on the modelling approach of the Mod-

ular Multiscale Microphysics and Transport (3MT) cloud and
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Figure 1. Schematic overview of the coupled and offline set-ups,

used for the perturbed runs of the EKF.

precipitation scheme of Gerard and Geleyn (2005), Gerard

(2007), and Gerard et al. (2009), and has been validated up

to a spatial resolution of 4 km for NWP (Gerard et al., 2009;

De Meutter et al., 2015) and climate (Hamdi et al., 2012,

2014b; De Troch et al., 2013). The ALARO-0 physics pack-

age is coupled to the dynamics via a physics–dynamics in-

terface based on a flux-conservative formulation of the equa-

tions proposed by Catry et al. (2007). The ALARO model is

running operationally at the Royal Meteorological Institute

(RMI) of Belgium as well as in a number of other countries

of the ALADIN and HIRLAM consortia.

2.2 The SURFEX land surface model

SURFEX (SURFace EXternalisée) (Masson et al., 2013) is

an external land surface scheme that originates from the

meso-NH mesoscale model (Lafore et al., 1998). The cou-

pling of SURFEX to the atmosphere follows the approach of

Polcher et al. (1998) and Best et al. (2004). At every time

step SURFEX receives forcing for every grid box from the

atmospheric model and provides fluxes to the atmospheric

model. The forcing includes low-level atmosphere tempera-

ture, specific humidity, horizontal wind components, surface

pressure, total precipitation, long-wave radiation, and short-

wave direct and diffuse radiations. The fluxes calculated by

SURFEX are averaged fluxes for momentum, sensible and

latent heats and radiative properties like surface tempera-

ture, surface direct and diffuse albedo and surface emissiv-

ity. SURFEX has a modular structure that can include new

parameterisations. In SURFEX, a grid box is built up from

four different tiles: sea, lakes, nature and town. The nature

tiles can include up to 12 patches, representing the differ-

ent vegetation types. The fluxes for each grid box are aver-

aged according to the weight of each of the tiles for that grid

box. For sea and ocean tiles, two options are available: a sim-

ple formulation with constant sea surface temperature (SST)
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using Charnock’s approach and a one-dimensional ocean

mixing layer model (Lebeaupin, 2007). The FLAKE model

(Mironov et al., 2010) can be used in the case of a lake tile.

Town tiles use the TEB (Town Energy Balance developed by

Masson, 2000) scheme and nature tiles use the ISBA (Inter-

action between the Soil, Biosphere and Atmosphere, devel-

oped by Noilhan and Planton, 1989 and Noilhan and Mah-

fouf, 1996) scheme. SURFEX also includes the CANOPY

parameterisation (Masson and Seity, 2009; Hamdi and Mas-

son, 2008), a multilayer parameterisation for the natural and

urban canopy.

In the set-up used here, surface assimilation is only per-

formed on the nature tiles. For these tiles, the two-layer ver-

sion of the ISBA scheme is used with one vegetation patch.

It describes the heat, moisture and momentum exchanges be-

tween the surface and the atmospheric boundary layer, based

on the force-restore method proposed by Deardorff (1977,

1978). The two-layer version of ISBA has four prognostic

variables: surface and deep soil temperature (Ts and T2) and

the corresponding soil water contents (Wg and W2). In of-

fline mode the atmospheric forcing is applied at the first at-

mospheric model layer (∼ 17 m).

2.3 The extended Kalman filter for soil analysis

Mahfouf et al. (2009) describe the EKF that has been de-

veloped within SURFEX. The equation for the model state

analysis of the EKF is

xta = xtb+BHT (HBHT
+R)−1

[yto−H(xt0
b )],

where subscripts a, b, and o indicate the analysis, background

and observations, such that the analysis model state xa is

equal to the sum of the background model state xb and an

increment based on the observation departure [yto−H(xt0
b )]

and the Kalman gain matrix BHT (HBHT
+R)−1. t is the

time step indicator, B is the covariance matrix of background

errors, R is the covariance matrix of observation errors, and

y is the observation vector. H is the observation operator pro-

jecting the model state onto the observation space. In the par-

ticular case of this study, the observation operator H is the

product of the model state evolution from time t0 = t−1t to

time t (the observation time), and the conversion of the model

state into an observation equivalent, as is done in Mahfouf

et al. (2009):

H (.)∼H(M (.)).

The increments are thus applied at the end of the assim-

ilation window instead of at the beginning (like in Balsamo

et al., 2004). This saves a model integration starting from

the analysis state. Furthermore, the B matrix is implicitly

evolved by the linearised model, because H includes a model

propagation.

H is the Jacobian of the observation operator, i.e. the lin-

earised model observation operator. The use of this Jacobian

allows the EKF to create dynamical coefficients that depend

on the specific conditions of each grid point and leads to

a relatively easy integration of new observation types into the

EKF. Since the observation operator includes a model propa-

gation from time t0 to time t , the Jacobian of the observation

operator reads as

δyt

δxt0
=
δyt

δxt
×
δxt

δxt0
.

The numerical computation of the Jacobian uses a finite

differences approach in the following way:

H=
δyt

δxt0
=
yti (x

t0 + δxj )− y
t
i (x

t0)

δxj
.

A small perturbation δxj is added to one of the soil prog-

nostic variables xj at time t0. Then the perturbed model

state is evolved from time t0 = t −1t to time t and at

time t the evolved perturbed model stated is projected into

observation space to obtain the corresponding observation

value yi(x+ δxj ). The value of the Jacobian is determined

by the difference between this perturbed observation value

yi(x+ δxj ) and the reference observation value yi(x). The

value of the Jacobian thus depends on how the observation

value changes after a 1t run, when the soil prognostic vari-

able is perturbed at the initial time. The value δxj must be

small enough to accurately approximate the derivative, but

not too small to avoid round-off errors.

There are two possibilities for calculating the perturbed

and reference yi : by means of a surface scheme coupled to

an atmospheric scheme (coupled) or with a surface scheme

decoupled from the atmospheric scheme (offline). In the for-

mer case, feedback from the surface to the upper-air atmo-

sphere is possible. In the latter case, the atmospheric forcing

is imposed from the lowest model level.

3 Experimental set-up

The EKF for soil analysis has been tested using the same set-

up and covariance values as in Mahfouf et al. (2009), with

two soil layers and four prognostic variables: superficial soil

water content (Wg), root zone soil water content (W2), sur-

face temperature (Ts) and deep soil temperature (T2). Obser-

vations of T2 m and RH2 m are assimilated to correct errors in

soil moisture and soil temperature. The observation error co-

variance matrix R is a diagonal matrix with elements set to

1 K for 2 m temperature and 10 % for 2 m relative humidity.

The background error covariance matrix B is also a diagonal

matrix, with 2 K for the background errors of Ts and T2 and

0.1×(wfc−wwilt) forWg andW2, withWfc andWwilt respec-

tively the volumetric water content at field capacity and at

permanent wilting point. The B matrix is kept constant. Mah-

fouf et al. (2009) explain that the increase in the background

error during the forecast step is balanced by the decrease in
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Figure 2. The operational 4 km ALARO Belgium domain. The in-

dicated locations will be used in the following sections. Beitem:

50.905◦ N, 3.123◦ E (Belgium). Location A: 50.534◦ N, 4.497◦ E

(Belgium). Location B: 52.092◦ N, 9.488◦ E (Germany). Location

C: 52.082◦ N, 9.722◦ E (Germany).

the background error during the analysis step. In accordance

with that, Draper et al. (2009) found that using a constant B

matrix instead of evolving the B matrix produces similar re-

sults for the analysis of near-surface soil moisture. Because

of the constant B matrix the EKF is in fact a simplified EKF.

For the upper air, no data assimilation is performed. The

initial upper-air conditions and the lateral boundary con-

ditions are interpolated from an ARPEGE run, the global

Metéo France model. Lateral boundary conditions are pro-

vided every 3 h from the ARPEGE model. The atmospheric

model set-up has 46 vertical levels. All experiments were run

over a 1-month period during July 2010, with a 6 h assimila-

tion cycle for the surface. The operational ALARO Belgium

domain was used, which has a 4 km resolution (181× 181

grid points, see Fig. 2).

For the perturbed runs of the EKF Jacobian calculation,

two methods were tested. The offline mode utilises offline

SURFEX runs with hourly atmospheric forcing files calcu-

lated during the fully coupled forecast from the previous as-

similation cycle (REFofl). In the coupled mode, the perturbed

runs are calculated using SURFEX fully coupled to ALARO

(REFcpl).

4 Oscillations in the boundary layer

Balsamo et al. (2004) mention oscillatory trajectories of the

screen-level variables that can introduce noise in the Jaco-

bian matrix of the EKF. They show that these oscillatory tra-

jectories occur under cloudy and rainy conditions and can

be linked to evapotranspiration thresholds. In this section

we document another kind of oscillation, a 21t oscillation

that can be linked to the stability parameters and the forma-

tion of a stable boundary layer in the late afternoon. We will

show how this oscillation influences the Jacobians and pro-

pose a method for filtering the oscillation before calculating

the Jacobian.

Figure 3 shows the evolution of the Richardson number

(top) and corresponding T2 m (bottom) at location B and loca-

tion C indicated in Fig. 2 for a coupled run. In Fig. 3a and b,

the Richardson number for the lowest level is shown as it is

calculated in SURFEX (black) and as it would be calculated

for the same level in ALARO (red). As long as the Richard-

son number is negative (i.e. unstable conditions) the Richard-

son numbers calculated in SURFEX and ALARO correspond

to each other. But when the Richardson number becomes

positive (i.e. a stable boundary layer starts to form), there

is a small divergence between SURFEX and the atmosphere.

In some cases, as in Fig. 3a, an oscillation sets in when the

Richardson number becomes positive.

These oscillations were found in the coupled as well as

offline SURFEX runs from 12:00 to 18:00 UTC. The oscil-

lations can be found in all surface variables that are related

to the fluxes between the soil and the lower atmosphere. The

oscillations occur only during the late afternoon when the

surface cools down again. In those cases a stable boundary

layer starts to form and the atmosphere decouples from the

surface.

Figure 4 shows the evolution of T2 m (black) and RH2 m

(red) from 12:00 to 18:00 UTC on 2 July 2010 for differ-

ent settings at location A indicated in Fig. 2. An oscillation

sets in as soon as the Richardson number becomes positive.

This oscillation is clearly visible in the evolution of T2 m

(black) and RH2 m (red). Figure 4a shows the evolution of

these two variables for an offline SURFEX run with a time

step of 300 s. Small oscillations are visible near the end of

the run, with an average size of 2 % for RH2 m and 0.2 K for

T2 m. In Fig. 4b the time step is 60 s instead of 300 s. The size

and time interval of the oscillations is the same as in Fig. 4a,

but the frequency of the oscillations increases with the time

step. This means that the oscillations are 21t oscillations,

and hence they do not represent a physical process. The oscil-

lations are also present in a coupled run for the same location

and period. Figure 4c shows the evolution of T2 m (black) and

RH2 m (red) for a coupled run with a time step of 180 s. The

oscillation starts somewhat later than for the offline runs be-

cause the Richardson number remains negative for a longer

period in this coupled run. The order of magnitude of the os-

cillations is the same as for the offline runs. Figure 4d shows

the same evolution for a coupled run with a time step of 60 s

instead of 180 s, and also here we can see that the 21t oscil-

lations do not diminish when the time step is increased.

The oscillations present in RH2 m and T2 m will also be

present and even amplified in the Jacobian. Figure 5 shows

the evolution of the Jacobian values during the 6 h forecast

run for the offline case at the same grid point A as Fig. 4 for

three different time frames. The Jacobian value in Fig. 5 is

plotted at every time step (300 s). The red dots represent the
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Figure 3. Evolution of the Richardson number (RI, top) and T2 m (bottom) during a 6 h coupled run for 2 July 2010 from 12:00 until

18:00 UTC at location B (left) and location C (right). In the top figures, the Richardson number for the lowest level is shown as it is

calculated in SURFEX (black) and as it would be calculated in ALARO (red).

Figure 4. Evolution of T2 m (black) and RH2 m (red) during a 6 h SURFEX reference run for 2 July 2010 from 12:00 to 18:00 UTC at location

A (output plotted every time step). The top left figure shows the results for an offline run with time step 300 s, and the top right figure an

offline run with a time step of 60 s. The bottom left figure shows a coupled run with a time step of 180 s and the bottom right figure a coupled

run with a time step of 60 s.

Jacobian values for a perturbation in the superficial soil layer

(Wg or Ts), while the black dots represent the Jacobian values

for a perturbation in the deep soil layer (W2 or T2). For the

Jacobians with a run from 12:00 to 18:00 UTC (bottom fig-

ures) an oscillation sets in near the end of the 6 h window, in-

troducing a noisy signal into the Jacobian values that can be-

come of the same order of magnitude as the signal itself. This

is the case for δT2 m/δWg (red) and δT2 m/δW2 (black) in
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Figure 5. Evolution of the Jacobian value during a 6 h offline SURFEX run for 2 July 2010 at location A (output plotted every time step).

The perturbation size for the initial perturbed states is 10−4. In the upper left corner δT2 m/δTs (red) and δT2 m/δT2 (black) are shown

from 18:00 to 00:00 UTC, in the upper right corner δRH2 m/δWg (red) and δRH2 m/δW2 (black) from 00:00 to 06:00 UTC, in the lower left

corner δT2 m/δWg (red) and δT2 m/δW2 (black) from 12:00 to 18:00 UTC, and in the lower right corner δRH2 m/δWg (red) and δRH2 m/δW2

(black) from 12:00 to 18:00 UTC.

Fig. 5c and for δRH2 m/δWg (red) and δRH2 m/δW2 (black)

in Fig. 5d. Similar oscillations occur for the Jacobian values

related to soil temperature for this case (not shown). These

oscillations are found during the late afternoon of the runs

from 12:00 to 18:00 UTC, and they correspond to the oscil-

lations visible in RH2 m, T2 m and the Richardson number RI.

The small oscillations of 2 % for RH2 m and 0.2 K for T2 m

from Fig. 4 cause oscillations in the Jacobian values of up

to 20 m3 m−3 for δRH2 m/δW2 and up to 150 Km−3 m−3 for

δT2 m/δW2. Results of the coupled case (not shown) are sim-

ilar to this offline case.

Figure 5 also clearly shows the short time memory of the

superficial soil layer (red dots). Any change in the superfi-

cial soil layer is quickly lost, causing the Jacobian value to

return to zero, while changes in the deep soil layer (black

dots) have a more lasting influence, resulting in non-zero Ja-

cobian values at the end of the 6 h interval. Some Jacobian

values converge once the initial disturbance has been taken

up by the system, e.g. δT2 m/δTs (red) and δT2 m/δT2 (black)

in Fig. 5a. For others the value keeps rising until the end of

the time window, eg. δRH2 m/δW2 (black) in Fig. 5b.

Figure 6a shows the spatial distribution of the oscillations

for δRH2 m/δW2 on 2 July 2010 for the offline run from

12:00 to 18:00 UTC. The number of oscillations is shown at

every grid point. This number is calculated by counting the

number of consecutive time steps in which the gradient of

the Jacobian evolution curve changes sign. Oscillations (i.e.

the gradient changes sign in more than two consecutive time

steps) occur in almost all parts of the domain. In some parts

of the domain, there is a resemblance between the occurrence

of oscillations and a soil wetness index (SWI) that is close to

0 (cf. Fig. 6b) where SWI is defined in the following way:

SWI=
W2−Wwilt

Wfc−Wwilt

.

The effect of non-linearities for SWI values close to 0 on

the Jacobian values has already been pointed out by Balsamo

et al. (2004, 2007), and in Hamdi et al. (2014a) it was shown

that for SWI values below 0 the Jacobians and increments are

also 0. When looking at Fig. 6a there are also regions with

oscillations that do not correspond to SWI values close to 0.

This indicates that there are also other non-linearities that can

trigger these oscillations. The regime shift of the Richardson

number turning from negative to positive is one of them. As

shown before, this change in sign of the Richardson number

can cause spurious 21t oscillations that also have a detri-

mental effect on the Jacobian values. In Table 1 the percent-

age of grid points is listed in which an oscillation occurs at

the end of the run, thus influencing the Jacobian value, and in

total, i.e. including those oscillations during the run that end

before 18:00 UTC and hence do not influence the Jacobian

value. For the offline approach only a small portion of the Ja-
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Figure 6. The number of the oscillations at every grid point for δRH2 m/δW2 (left) and the soil wetness index (SWI) of the deep soil layer

(right) on 2 July 2010 for the offline reference run (REFofl) from 12:00 to 18:00 UTC.

Table 1. Percentage of grid points at which an oscillation occurs

at the end of the run (thus influencing the Jacobian value) and in

total (i.e. including those during the run that do not influence the

Jacobian value).

Offline Coupled

End Total End Total

δRH
δW2

4.8 % 24 % 11 % 53 %
δT
δW2

5.2 % 21 % 13 % 55 %
δRH
δT2

2.4 % 21 % 11 % 66 %
δT
δT2

3.6 % 10 % 11 % 57 %

cobian values is influenced by these oscillations, i.e. between

2.4 and 5.2 %. For the coupled run this percentage is some-

what higher, between 11 and 13 %. The higher number of os-

cillations in the coupled run could be explained by feedback

processes of the atmosphere that are triggered when mak-

ing small perturbations to the soil variables (Balsamo et al.,

2004). In the case of the offline run, the atmosphere is forced,

and hence no feedback processes are possible.

In conclusion one can say that due to non-linearities, like

SWI values close to 0 or a change in sign of the Richard-

son number, oscillations may occur in some surface-related

variables like RH2 m and T2 m. They are 21t oscillations, in-

dicating that the oscillations are artificial. These oscillations

do not diminish when the time step is decreased, hence they

are not fibrillations, but rather they originate from a decou-

pling between the surface and the atmosphere when a sta-

ble boundary layer starts to form in the evening or when the

amount of soil moisture is too low. The oscillations occur at

a small number of points, widespread over the domain. The

oscillations occur for various lengths of the time step and

perturbation sizes (not shown). They disappear again after

a while and are harmless for a normal run, but are amplified

in the calculation of the Jacobian. The oscillations can lead

to spurious values in a limited number of grid points for the

Jacobian, gain and increments of the EKF.

The oscillations occur at critical values of the Richardson

number and are not merely a numerical effect. This suggests

that they could be induced by a feedback in competing fluxes

between the surface and its upper-air forcing, when chang-

ing from an unstable to a stable boundary layer. Such feed-

backs are difficult to diagnose. Here we limit ourselves to

documenting them, but demonstrate that the impact of these

oscillations can easily be cured with a simple numerical tem-

poral filter.

– We propose a workaround for these oscillations by fil-

tering the reference and perturbed values of T2 m and

RH2 m. The temporal filter works according to the fol-

lowing equation:

xfiltered = 0.5×w×xt−1+ (1−w)xt +0.5×w×xt+1,

with x the T2 m or RH2 m value to be filtered, t indi-

cating the time step and w the weight attributed to the

different parts of the filter. A number of values for w

have been tested and a value of 0.5, the most optimal

choice for filtering the 21t mode, appeared to filter out

the oscillation best. Since this filter uses the reference

and perturbed observation values at times t , t − 1 and

t + 1, two additional output files must be provided for

every run. In order to change as little as possible to the

original set-up of the EKF, we chose to work with time

steps t , t − 1 and t − 2 instead, i.e. calculating the Jaco-

bian for time step t − 1 instead of the time step at time

t . In one time step the value of the Jacobian will change

very little and this way we avoid the need for output at

time step t + 1, which would require the offline runs to

be extended for one additional time step and thus would

also require the atmospheric forcing to be provided be-

yond the 6 h interval.
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Figure 7. Evolution of T2 m (left) and RH2 m (right) at location A for the offline (top) and coupled (bottom) reference runs (REF, black) and

the filtered run (FIL, red).

The filter does not differentiate between oscillations initi-

ated by different mechanisms. Therefore it will filter oscilla-

tions due to the critical RI values and SWI values close to 0,

but also, for example, oscillations due to rainy conditions for

the coupled approach as described by Balsamo et al. (2004).

5 Results and discussion

In the following part, the filtering approach (FIL) is com-

pared to the reference approach without filtering (REFofl

for the offline mode, REFcpl for the coupled mode). Com-

parisons are made with regards to the optimal perturbation

size, the spatial distribution of the Jacobian values, the cor-

responding increments in the soil prognostic variables and

the screen-level forecast scores. The offline and coupled ap-

proaches for the EKF are also compared to each other.

5.1 Impact of the filtering

Figure 7 shows the evolution of T2 m (left) and RH2 m (right)

at location A (cf. Fig. 2), where an oscillation is present in

the reference SURFEX run (black). Figure 7a and b (top)

show the evolution in an offline SURFEX run, while Fig. 7c

and d (bottom) show the result from a coupled SURFEX run.

The oscillation disappears when the result is filtered (FIL,

red) and the values of the filtered result coincide with the

reference values as long as there is no oscillation.

5.2 Optimal perturbation size and the linearity

assumption

The Jacobians of the EKF are estimated by means of a finite

differences approximation. This approximation is exact when

the function is linear in the surroundings of the point. In that

case neither the size nor the sign of the perturbation has any

influence on the resulting value of the Jacobian. The differ-

ence between a Jacobian calculated with a positive (H+) and

with a negative (H−) perturbation of the same size provides

an indication of how linear the surroundings of the point are

and how valid the finite differences approximation is. If the

perturbation is too large, the perturbed value lies outside the

linear regime around the point and the difference between

H+ and H− will be large. If the perturbation is too small, the

Jacobian value will deteriorate because of numerical accu-

racy. The optimal perturbation size is the minimal perturba-

tion size for which the Jacobian value is independent of the

sign (i.e. for which the difference between H+ and H− is as

small as possible) (Balsamo et al., 2007).

Finding the optimal perturbation size is very important. In

order to find it and to examine the differences between the

approaches, experiments were run with perturbation sizes be-

tween 10−11 and 10−1 for each of the eight components of

the Jacobian. Results are shown in Fig. 8, which shows the

difference between H+ and H− (black lines) and the aver-

age value ((H+−H−)/2) (red lines) for δRH2 m/δW2 and

δT2 m/δW2 on 2 July 2010, averaged over the whole domain

for all the perturbation sizes. For the Jacobian calculated with

coupled perturbation runs, perturbation sizes smaller than

10−4 caused a lot of noise, resulting in extremely high values
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Figure 8. Comparison of the optimal perturbation size for the offline (top) and coupled (bottom) approaches. |H+−H−| (black) and H++

H−/2 (red) for different perturbation sizes on 2 July 2010 at 00:00, 06:00, 12:00 and 18:00 UTC averaged over the whole domain with

H= δT2 m/δW2 (left) and H= δRH2 m/δW2 (right).

for |H+−H−|. Therefore, results are only shown between

10−4 and 10−1 for the coupled EKF.

There are a number of differences between the offline and

coupled approaches. First, the optimal perturbation size is

larger for the coupled approach (between 10−2 and 10−1)

than for the offline approach (between 10−9 and 10−7). This

is in accordance with Balsamo et al. (2007). For a coupled

approach with an overly small perturbation size, non-linear

feedbacks between the atmosphere and the soil can occur.

These non-linearities cause the Jacobian to be noisy and inac-

curate. Since in the offline approach the atmosphere is forced,

these non-linear feedbacks cannot occur and the perturbation

size can be a lot smaller. This optimal perturbation size for

the coupled approach is similar to the optimal values of 15–

20 % of the SWI value found in Balsamo et al. (2004) and

the value of 0.01 m3 m−3 used by de Rosnay et al. (2012)

and Drusch et al. (2009). For the offline approach, the op-

timal perturbation size found here is somewhat smaller than

the values used in Mahfouf et al. (2009), where 10−4 m3 m−3

is used for Wg, and W2 and 10−5 K for Ts and T2.

The differences between Jacobians from positive and neg-

ative perturbations (|H+−H−|) are a lot smaller for the of-

fline approach than for the coupled approach, indicating that

the linearity assumption is better approximated for the offline

approach. This is a logical consequence of the fact that the

coupled approach requires a larger perturbation size in order

to avoid a noisy H matrix. If the perturbation size is larger,

the perturbed value will more easily fall outside of the linear

regime around the point at which the Jacobian is calculated.

The optimal perturbation size has also been studied for the

filtering solution (FIL) (results not shown here). For FIL, the

values of |H+−H−| and (H+−H−)/2 averaged over the

domain are very similar to those of the REF run, and hence

the optimal perturbation size remains the same. One thing

that can be noted is that in FIL the non-linearities (measured

by high values for |H+−H−|) are less extreme for the very

high or low perturbation sizes.

Another way to verify the linear regime of the finite differ-

ences approximation is by plotting the Jacobian values from

positive perturbations against those of negative perturbations.

If all points are along the diagonal, the Jacobians are in the

linear regime of the observation operator. Figure 9 shows

such plots for the offline EKF (Fig. 9a and c) and the cou-

pled EKF (Fig. 9b and d) for two different perturbation sizes.

The offline EKF has much lower Jacobian values than the

coupled EKF and the linear regime is better approximated

for the offline approach. For a perturbation size of 10−4 the

points of the offline EKF are nicely aligned along the diag-

onal, indicating that the perturbation size is within the linear

regime. The points of the coupled EKF follow slightly the op-

posite diagonal. It cannot be excluded that some non-linear

feedback effects between the surface and the atmosphere are

triggered here, but this is out of the scope of the present pa-

per. If the perturbation size increases to 10−2 for the offline

EKF, more points deviate from the diagonal compared to the
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Figure 9. Assessment of the linearity assumption for the calculation of the Jacobians by means of finite differences. Plot of the Jacobian

values for δT2 m/δW2 on 2 July 2010, 12:00 UTC of the positive perturbations against the values of the negative perturbations.

10−4 offline case. The horizontal line represents points that

are sensitive to the positive perturbation (i.e. have a Jacobian

value different from 0) but not sensitive to the negative per-

turbation (i.e. have a Jacobian value equal to 0). These points

are in an area with negative SWI values. The negative per-

turbation decreases the SWI value even further, resulting in

a Jacobian value of 0. The positive perturbation on the other

hand is large enough to increase this SWI value above 0, and

hence the Jacobian from this positive perturbation will not be

0. This is in accordance with what has been found by Mah-

fouf et al. (2009).

For the coupled EKF, increasing the perturbation size to

10−2 causes the points to become more aligned with the cor-

rect diagonal line. However, when comparing them to the

offline EKF, they deviate more from that diagonal and the

values of the Jacobians are larger for the coupled EKF. The

results for filtering solution FIL are very similar to those of

the reference described here (not shown).

5.2.1 Diurnal cycle

Figure 10 shows the Jacobian and gain values for

δRH2 m/δWs and δRH2 m/δW2 averaged over the whole do-

main on 2 July 2010 for REFofl, FILofl, REFcpl and FIL-

cpl for the different run times (00:00, 06:00, 12:00 and

18:00 UTC). The average values of REF and FIL lie close

together for all components, indicating that on average the

proposed solutions do not cause any major changes in the

values of the Jacobians and gain coefficients. The sensitiv-

ity of T2 m to soil moisture is mainly negative, while the link

between RH2 m and soil moisture is positive. The Jacobian

values with respect to initial soil temperature perturbations

correspond very well to the values shown by Mahfouf et al.

(2009). A diurnal cycle can be seen where the sensitivity of

RH2 m to changes in soil moisture and soil temperature is

largest during daytime (12:00 and 18:00 UTC), whereas the

sensitivity of T2 m to changes in the soil temperature is largest

during nighttime (00:00 and 06:00 UTC). The link between

the soil and the screen-level atmosphere is provided through

turbulent surface fluxes, and these fluxes have a strong diur-

nal cycle (Mahfouf et al., 2009). The gain values of the deep

soil layer (W2 and T2) are a factor 10 larger than those of

the superficial soil layer (Wg and Ts). This is caused by the

longer memory of the deep soil layer compared to the super-

ficial soil layer. Any change made at time t0 in the superficial

soil layer will dissipate quickly and, at analysis time t (i.e

6 h later), this perturbation in the superficial soil has almost

completely disappeared. A perturbation to the deep soil layer

at time t0 has a more lasting effect on the screen-level vari-

ables and will still be present at the analysis time t , causing

larger Jacobian and gain values. Therefore it is especially im-

portant to make sure that the increments in the deep soil layer

are good, since their effect will be more lasting than the effect

of increments in the superficial soil layer.

The values and diurnal cycle of the coupled case are simi-

lar to the offline case. The most important differences are the

larger values for the four Jacobians related to soil moisture.

TheseWg andW2 related Jacobian and gain values are 2 to 4

times larger for the coupled case. There is a larger sensitivity
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Figure 10. Jacobian and gain values for δRH2 m/δWs and δRH2 m/δW2 averaged over the whole domain on 2 July 2010 for REFofl, FILofl,

REFcpl and FILcpl for 00:00, 06:00, 12:00 and 18:00 UTC. The solid lines represent the Jacobian values (values on the left vertical axis),

and the dashed lines represent the gain values (values on the right vertical axis).

of T2 m and RH2 m to changes in soil moisture for the coupled

case. For soil temperature (not shown here) the average Ja-

cobian and gain values are very similar to those of the offline

case. The differences between FILcpl and REFcpl are some-

what larger, while in the offline case, the values of FILofl and

REFofl were almost exactly the same. Thus, in the coupled

case, the filter is more often needed to remove oscillations.

5.2.2 Spatial structure of gain and Jacobians

Figure 11 shows the spatial structure of the Jacobian values

for δT2 m/δW2 on 6 July 2010 at 18:00 UTC for the refer-

ence calculation (REF) and the filtering solution (FIL). As

expected, the Jacobian values are negative for δT2 m/δW2,

indicating that an increase in deep soil moisture (W2) results

in a decrease in screen-level temperature and vice versa. For

the offline version (first row), there are some areas in which

the Jacobian values are 0. These areas have a negative SWI

value, indicating that the soil is too dry for the perturbation

in W2 to have any effect on T2 m. At the right border in the

middle of the REFofl figure, there are a few grid points with

high positive Jacobian values, while their surroundings have

the normal, negative values (cf. in the black circle). This is

probably noise caused by non-linearities or oscillations in the

Jacobian values during the runs. In FILofl, where the oscil-

lations are filtered out, these spurious values disappear. The

spatial structure of FILofl is almost identical to that of RE-

Fofl.

The Jacobian values calculated with coupled runs (rows

two and three) have a slightly different spatial structure than

those of the offline runs (first row). The second row of Fig. 11

shows the Jacobian values calculated with positive perturba-

tions of size 10−2. The areas where the offline version had

0 values are now characterised by very high negative values.

This can be explained by the fact that the optimal perturba-

tion size is much higher for the coupled version compared to

the offline version (10−2 vs. 10−7). Due to this high, posi-

tive perturbation size, a relatively large amount of soil mois-

ture is added in the perturbed run, which raises the slightly

negative SWI value above 0 and, in doing so, re-enables the

soil fluxes driven by evapotranspiration that were shut down

when the SWI became negative. This results in a big dif-

ference between the reference run with a negative SWI value

and the perturbed run with a positive SWI value, and hence in

a large Jacobian value in these areas. The Jacobian values in

these areas are the highest for REFcpl+, and somewhat lower

for FILcpl+. This mechanism also becomes clear when we

look at the Jacobian values of the third row. Here, the Ja-

cobian values are calculated with coupled runs and negative

perturbations of size 10−2, so the SWI value will only be de-

creased by the perturbations. In this case the areas with neg-

ative SWI values also have a Jacobian value of 0, like in the

offline case. For the offline case there is no such difference

between the Jacobians calculated with positive and negative

perturbations (not shown here), because in the offline case

the linearity assumption is much better approximated. In the

presence of strong non-linearities, like around SWI values

of 0, the validity of the linearity assumption breaks down

and the EKF provides a suboptimal analysis. Balsamo et al.

(2004) propose not doing any assimilation in these cases, us-

ing a masking function that checks for several thresholds like

cloud cover and precipitation. Since it is not easy to list all

Geosci. Model Dev., 8, 845–863, 2015 www.geosci-model-dev.net/8/845/2015/



A. Duerinckx et al.: Study of the Jacobian of an extended Kalman filter for soil analysis in SURFEX 857

Figure 11. Map of the Jacobian and gain value for δT2 m/δW2 for 6 July 2010 at 18:00 UTC for REF (left) and FIL (right) of the offline

(first row) and coupled (second and third rows) versions. The perturbation size for the offline runs was 10−7 and, for the coupled runs, 100.01

(second row) and 10−0.01 (third row).

possible sources of non-linearities, we propose filtering out

the oscillations occurring in the case of non-linearities.

For the coupled runs in the north-eastern part of the

domain, there are some spurious, positive Jacobian values

(while it is expected that the link between T2 m and W2 will

be negative). These are caused by non-linear feedback mech-

anisms in the coupled runs that cannot occur in the offline

runs.

The structure and values of the Jacobians calculated in

coupled runs are similar to those of the Jacobians calculated

in offline runs, which confirms the results of Balsamo et al.

(2007). The offline runs are thus a valid and much cheaper
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Figure 12. Map of the increments (analysis background) for W2 (in mm) and T2 (in K) on 6 July 2010 for REFofl, FILofl and REFcpl.

alternative to the coupled runs. An added advantage of the

offline runs is that they allow smaller perturbation sizes, and

hence the linearity assumption has a much better validity.

5.3 Increments

Figure 12 shows the increments (i.e. analysis background) of

W2 and T2 accumulated for 1 day, 6 July 2010, for the offline

REF and FIL runs and the coupled REF run. Figure 13 shows

the corresponding accumulated innovations (i.e. observation

background) for T2 m and RH2 m. The region over Belgium is

characterised by positive innovations for T2 m up to 7 K and

negative innovations for RH2 m up to 40 %, indicating that the

model is too cold and wet in this area. This can be seen in the

increments. This area is characterised by negative increments

for W2 on this day up to 20 mm and positive increments for

T2 up to 3.3 K. The eastern side of the domain is charac-

terised by positive W2 increments corresponding to positive

RH2 m innovations and negative T2 m innovations. The incre-

ments in W2 are limited to the regions with a non-negative

SWI value. In the areas with a negative SWI value, the Jaco-

bian and hence also the increments are 0 (cf. Fig. 11). This

causes the spatial structure of theW2 increments to be some-

what irregular at those locations (Hamdi et al., 2014a). The

differences between REF and FIL are very small.

The increments for W2 are larger for REFcpl than for RE-

Fofl, while the increments for T2 are similar for the two runs.

This corresponds to the findings about the Jacobian and gain

values, which were also larger in the coupled case for the

soil-moisture-related Jacobians. The spatial structure is very

similar for the offline and coupled cases.

5.4 Evaluation for a single point

Figure 14a shows the increments for W2 for July 2010 in

Beitem (location indicated in Fig. 2) for REFofl (black) and

FILofl (red). The increments of REF and FIL have the same

sign and on most days are similar in size. The large incre-

ment for FIL on 14 July corresponds to a heavy precipitation

event in the region. In the second half of the month the incre-

ments for FIL are often larger than those for REF. It is easily

explained by the evolution of the SWI values for W2 (not

shown). On 9 July the negative increment of REF is much

larger than that of FIL. In FIL the noise filtering in the Jaco-

bian prevents the large negative increment. This results in a

negative SWI value for REF, while the SWI value of FIL is

just above 0. As a consequence FIL remains sensitive to in-

crements, while in REF the increments for W2 remain near 0

as long as the SWI value is negative. The heavy precipitation

event of 14 July brings the SWI value of REF above 0 again,

but on 16 and 19 July this results in a strong negative W2

increment. After that the SWI value of REF remains below

0 most of the time, while the SWI value of FIL is positive

and thus FIL has larger increments in this period. Figure 14b

shows the evolution of the RH2 m RMSE and BIAS forecast

scores for a forecast range of 6 h during July 2010 in Beitem.
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Figure 13. Map of the innovations (observation background) for T2 m (in K) and RH2 m (in %) on 6 July 2010.

Figure 14. Evolution of the W2 increments and RH2 m forecast

scores at a forecast range of 6 h (RMSE and BIAS) during July 2010

in Beitem (Belgium) for REFofl (black) and FILofl (red).

In the first half of the month, the scores of REF and FIL lie

very close together. In the second half of the month, FIL per-

forms a little bit better on most days. Figures 15 (offline case)

Table 2. Overview of the RMSE and BIAS scores for T2 m and

RH2 m averaged over the 13 stations and over July 2010.

Offline Coupled

REFofl FILofl REFcpl FILcpl

T2m RMSE (K) 2.2 2.2 2.2 2.2

T2m BIAS (K) 0.1 0.1 0.1 −0.1

RH2m RMSE (%) 15.2 15.0 15.2 14.5

RH2m BIAS (%) -4.9 −4.6 −4.5 −3.2

and 16 (coupled case) show the RMSE and BIAS forecast

scores for all forecast ranges averaged over July 2010 for

the station of Beitem. The RMSE and BIAS of RH2 m are

slightly improved in the filtering run compared to the ref-

erence run. For T2 m the RMSE values of REF and FIL are

very similar, but small differences can be seen in the BIAS.

Table 2 shows the T2 m and RH2 m forecast scores averaged

over 13 stations in Belgium for REFofl, FILofl, REFcpl and

FILcpl. This shows that, when averaging over 13 stations in

Belgium, the filtered runs give a small improvement in scores

for RH2 m and similar scores for T2 m. The scores of the of-

fline and coupled runs are very similar to each other. In the

coupled case the improvement in the filtering (FIL) RH2 m

scores compared to REF is larger than the improvement in

the offline scores (Table 2 and Figs. 15 and 16). This is prob-

ably due to the fact that in the coupled case more oscillations

are present due to feedback mechanisms between the soil and

the atmosphere. Overall the scores of FILcpl are the lowest.

For FILcpl, the coupling between the soil and the atmosphere

allows a more correct Jacobian calculation, and the filtering

succeeds in removing the more abundant oscillations.
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Figure 15. Forecast scores (BIAS and RMSE) for RH2 m and T2 m for all forecast ranges of the runs at 00:00 UTC averaged over July 2010

in Beitem (Belgium) for REFofl (black) and FIL1ofl (red).

Figure 16. Forecast scores (BIAS and RMSE) for RH2 m and T2 m for all forecast ranges of the runs at 00:00 UTC averaged over July 2010

in Beitem (Belgium) for REFcpl (black) and FILcpl (red).

6 Conclusions and perspectives

In this paper we have studied the Jacobians of an EKF us-

ing the SURFEX externalised version of land surface scheme

ISBA. We tested this EKF with the assimilation of T2 m and

RH2 m observations to correct errors in soil moisture and soil

temperature. The experiments were run over the ALADIN

Belgium 4 km domain for July 2010. The Jacobians of the

EKF are calculated using finite differences approaches and

require a perturbed run for each of the four soil prognostic

variables. These perturbed runs can be done in coupled or

offline SURFEX mode (i.e. coupled to an atmospheric run or

with precalculated atmospheric forcing). We compared this

offline and coupled approach for the calculation of the Jaco-

bians. Results show that the offline approach allows smaller

perturbations so that the linearity assumption for the calcula-

tion of the Jacobians with finite differences is better approxi-

mated. This is in accordance with Balsamo et al. (2007). The

Jacobian and gain values are somewhat higher with the cou-

pled approach for the soil-moisture-related Jacobians. The

soil-temperature-related Jacobians have the same values in

the coupled and offline approaches. The spatial structure of

all Jacobians is similar between the two approaches. The

offline approach is thus a good and computationally much

cheaper alternative to the coupled approach for calculating

the Jacobians.

We identified 21t oscillations during the late afternoon

when a stable boundary layer starts to form and the Richard-

son number changes from negative to positive values. The

oscillations occur in the surface variables related to surface

fluxes and screen-level variables like T2 m and RH2 m that are

interpolated between the surface and the lowest model level.

These small oscillations are artificial and disappear again af-

ter a short time. They occur only in a limited number of grid

points. They do not have a detrimental effect on the perfor-

mance of the model runs, but can introduce noise locally

into the Jacobian of the EKF. Nevertheless, as was shown

in Fig. 14b, this noise turns out to have a substantial accumu-

lated impact in a data assimilation cycle, and filtering it im-

proves the forecast scores, specifically for relative humidity.

We have proposed and tested a numerical filter to deal with

these oscillations. The filter is applied to the simulated T2 m

and RH2 m values before using them in the Jacobian calcula-

tion. Results show that the filter is successful in removing the

oscillation. The advantage of the filter is that it is simple to

implement and barely requires any additional computation.
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The spatial structure and average value of the Jacobians and

increments is very similar for the filtered run compared to the

reference (i.e. with oscillations present).

The T2 m and RH2 m forecast scores for the offline and cou-

pled approaches are very similar. In both approaches the fil-

tering produces similar scores for T2 m and a small improve-

ment in the RH2 m scores. This RH2 m improvement is larger

for the coupled approach and, in general, the coupled, fil-

tered approach gives the best forecast scores. However, due

to limited computational resources, we still prefer the offline

filtered approach, which takes a lot less computing time. For

example, on the Belgian computer the offline approach of the

EKF takes 7 min on 6 cpus, while the coupled approach takes

52 min.

In conclusion we can say that the filter is effective in re-

moving the oscillations and thus the noise in the Jacobian

calculation. This is the case for the coupled as well as the

offline approach, where the latter has the advantage of being

computationally cheaper and better approximating the linear-

ity assumption for the Jacobian calculation.

The results in this paper are specific to the choice of LSM,

i.e. the two-layer IBSA scheme. For example, the dominance

of the weights of the Jacobians of w2 compared to wg is ex-

pected to change when a more realistic vertical discretisa-

tion of the soil layers is used, like in the ISBA-DIF scheme

(Boone et al., 2000; Habets et al., 2003). The results also de-

pend on the choice of the background and error covariance

matrix values. In this paper we used the values proposed by

Mahfouf et al. (2009). It could be interesting to compare the

increments and forecast scores for different values of these

covariance matrices.

The experiments in this paper were performed without at-

mospheric assimilation (i.e. no three-dimensional variational

assimilation, 3DVAR), which could influence the results.

In a next step the filtered offline approach of the EKF soil

analysis for SURFEX will be combined with a 3DVAR

assimilation for the upper air of the ALARO model. This

will be an important step towards the operational use of the

EKF which is planned for the future.
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B
The Interpolation of wind, temperature
and humidity values from model levels

to the height of measurement

The interpolation to height of measurement (2m for temperature and humidity,
10m for wind) in ISBA is done according to the formulation of Geleyn (1988).
The interpolation is done between the surface and the lowest model level (approx-
imately 17m). The interpolation takes into account the orographic height, veg-
etation and meteorological conditions. The interpolation coefficients αI (with I
being either momentum M or heat H) provide the weights given to the information
of the surface and the lowest model layer. They are given by:

αi =
1

bI
ln[1 +

z

zN
(ebnI − 1)− f(z)] (B.1)

bnM = ln(1 +
z

z0
); bM =

κ√
CM

(B.2)

bnH = ln(1 +
z

z0H
; bH =

κ
√
CM
CH

(B.3)

fI(z) =
z

zN
(bn − bd)(stable case) (B.4)

fI(z) = ln(1 +
z

zN
(ebn−bd − 1))(unstable case) (B.5)



B-2 APPENDIX B

Due to the fact that wind at the surface is 0, the wind components are extrapo-
lated from the lowest atmospheric model level.

u(z) = αMuN (B.6)

v(z) = αMvN (B.7)

For specific humidity, the superficial humidity qS and the humidity of the low-
est model level qN are interpolated.

q(z) = qS + αH(qN − qS) (B.8)

The temperature expression is obtained from the formulation of dry static en-
ergy

s(z) = sS + αH(sN − sS) = cpT (z) + φ(z) (B.9)

T (z) =
cp(qS)TS + (φS − φ(z)) + αH(cp(qN )TN − cp(qS)TS + (φN − φS))

cp(q(z))
(B.10)

with φ(z) the geopotential height at elevation z.
The relative humidity RH(z) is calculated using q(z) as follows:

RH(z) =
p(z)q(z)Rv

Ra

esat(z)(1 + q(z)(Rv

Ra
− 1))

(B.11)

with esat(z) the saturated water vapour tension at temperature T (z).
The amospheric pressure p(z) is given as follows:

p(z) = pS +
z

zN
(pN − pS) (B.12)



C
Soil moisture verification scores



C-2 APPENDIX C

Figure C.1: Correlation, Bias and Root Mean Square Difference for deep soil moisture
temperature (Tg2) at Lonzée (BE)



SOIL MOISTURE VERIFICATION SCORES C-3

Figure C.2: Correlation, Bias and Root Mean Square Difference for deep soil moisture
content (Wg2) at Brasschaat (BE)



C-4 APPENDIX C

Figure C.3: Correlation, Bias and Root Mean Square Difference for deep soil moisture
temperature (Tg2) at Vielsalm (BE)



SOIL MOISTURE VERIFICATION SCORES C-5

Figure C.4: Correlation, Bias and Root Mean Square Difference for deep soil moisture
temperature (Tg2) at Cabauw (NL)



C-6 APPENDIX C

Figure C.5: Correlation, Bias and Root Mean Square Difference for deep soil moisture
temperature (Tg2) at Rollesbroich (DE)



SOIL MOISTURE VERIFICATION SCORES C-7

Figure C.6: Correlation, Bias and Root Mean Square Difference for deep soil moisture
temperature (Tg2) at Selhausen
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