
VU Research Portal

The Radiative Temperature of the Earth at Microwave Frequencies

Holmes, T.R.H.

2008

document version
Publisher's PDF, also known as Version of record

Link to publication in VU Research Portal

citation for published version (APA)
Holmes, T. R. H. (2008). The Radiative Temperature of the Earth at Microwave Frequencies. [PhD-Thesis -
Research and graduation internal, Vrije Universiteit Amsterdam]. s.n.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal ?

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

E-mail address:
vuresearchportal.ub@vu.nl

Download date: 23. May. 2023

https://research.vu.nl/en/publications/e931a0ef-44ad-4838-bf41-72c71fc37e81


The Radiative Temperature of the Earth
at Microwave Frequencies

Thomas R.H. Holmes



Cover: Artist impression of SMOS. Graphics by AOES Medialab for ESA.

The Radiative Temperature of the Earth at Microwave Frequencies.
(Ph.D. thesis, Vrije Universiteit Amsterdam)
In Dutch: De stralingstemperatuur van de Aarde op microgolf frequenties.
(Academisch Proefschrift, Vrije Universiteit Amsterdam)

c© Thomas R.H. Holmes, 2008

This study was funded by the EU 6th Framework program WATCH (Project number 036946-
2), the United States Department of Agriculture (USDA), NASA Headquarters Modeling
and Prediction Branch, the Centre National d’Etude Spatiale (CNES), and EUMETSAT’s
Numerical Weather Prediction Satellite Application Facility (NWP-SAF) visiting scientist
programm.

ISBN 978 90 8659 233 3
NUR-code: 934
Subject headings:
Passive Microwave Remote Sensing ′ Soil Temperature ′ Soil Moisture



VRIJE UNIVERSITEIT

The Radiative Temperature of the Earth at Microwave Frequencies

ACADEMISCH PROEFSCHRIFT

ter verkrijging van de graad Doctor aan
de Vrije Universiteit Amsterdam,
op gezag van de rector magnificus

prof.dr. L.M. Bouter,
in het openbaar te verdedigen

ten overstaan van de promotiecommissie
van de faculteit der Aard- en Levenswetenschappen

op dinsdag 16 september 2008 om 13.45 uur
in de aula van de universiteit,

De Boelelaan 1105

door

Thomas Richard Henry Holmes

geboren te Geleen



promotor: prof.dr. A.J. Dolman
copromotoren: dr. R.A.M. de Jeu

dr. M. Owe



reading committee: prof.dr. B. van den Hurk
dr. J-P. Wigneron
dr. H. Kooi
dr. N. van de Giesen
dr. W.P, Kustas





Contents

Acknowledgements xi

Publications xiii

Nederlandse Samenvatting xv

1 General Introduction 1
1.1 Background 1

1.1.1 The global picture 1
1.1.2 The land surface 2
1.1.3 A History of Passive Microwave Remote Sensing 2
1.1.4 The contribution from the VU University Amsterdam 4

1.2 Thesis Objective 4
1.3 Outline 5

2 Land Surface Temperature from Ka-band (37 GHz) 7
2.1 Introduction 7
2.2 Materials and Methods 10

2.2.1 Ground Measurements 10
2.2.2 Long wave emissivity 10
2.2.3 Satellite observations 12
2.2.4 Radiative transfer model for Ka-band 12
2.2.5 Simulation Experiments 14

2.3 Results 16
2.3.1 General Solution 16
2.3.2 Error simulations 17
2.3.3 Global error simulation 19
2.3.4 Ground Validation 21

2.4 Discussion and Conclusion 26

vii



3 Estimating the Soil Temperature Profile from a Single Depth Observation 29
3.1 Introduction 29
3.2 Background and Theory 31
3.3 Field Observations 33
3.4 Modelling Approach 33

3.4.1 Model A 34
3.4.2 Ground Heat Flux 37
3.4.3 Model B 38

3.5 Model Validation 43
3.6 Remote sensing application 44
3.7 Summary and Conclusions 45

4 The Effective Temperature for L-band Radiometry 47
4.1 Introduction 47
4.2 Theory 48
4.3 Material and Methods 49
4.4 Parameterization of Effective Temperature 50

4.4.1 Inter-seasonal Calibration 50
4.4.2 New Parameterization 51
4.4.3 Inter-Annual Calibration 52

4.5 Conclusion 54

5 A global simulation of microwave emission 55
5.1 Introduction 55
5.2 Community Microwave Emission Model and NWP Model Interface 56

5.2.1 Surface component 58
5.2.2 Vegetation component 60
5.2.3 Snow component 61
5.2.4 Atmospheric component 62
5.2.5 Auxiliary data 62

5.3 Calibration and Validation 63
5.3.1 Skylab S-194 Observed Brightness Temperatures 63
5.3.2 ERA-40 Data Set 63
5.3.3 Calibration Parameters 66
5.3.4 Methods 67
5.3.5 Results 67
5.3.6 Error Discussion 72

5.4 Uncertainties in the radiative transfer model 73
5.4.1 Dielectric constant 74
5.4.2 Effective Temperature 77
5.4.3 Vegetation Opacity 77

5.5 Sensitivity to Auxiliary Data Sets 78
5.6 NWP Model Uncertainties 81

viii



5.7 Summary and Discussion 84

6 Summary and Conclusions 87

References 91

ix





Acknowledgements

This thesis would not have been possible without the collaboration, enthusiasm, and support
of the supervisors that I worked with at various institutions over the last four years. First
I would like to thank Richard de Jeu, my thesis advisor, for being a thoughtful mentor
throughout the entire period. Richard’s optimism always helped me past difficulties that we
encountered along the way (otherwise known as “the bears on the road”). Most importantly,
however, it was always a pleasure to work with Richard and I look forward to continue to
collaborate with him in the future.

Secondly, I would like to thank my thesis advisor at NASA, Manfred Owe. Manfred’s
door was always open to discuss my results and to ask me the necessary questions to im-
prove them. I always left his office with new ideas and the relevant literature in my hand,
and of course the odd travel guide. My time at building 33 would not have been the same
without meeting Alex, Sandra, Ben, Mutlu, and my officemate Brian.

Two relatively short assignments at CESBIO and ECMWF were especially fruitful re-
search opportunities and are an integral part of this work. First of all I would to thank
Patricia de Rosnay, who was a great mentor for me in the winter of 2003 at CESBIO. Patri-
cia helped me with my first scientific article and as an aside taught me how to use linux and
write fortran scripts. I would also like to thank all my colleagues at CESBIO, who made it a
very pleasant stay at the Lab, in particular Olivier, Joost, Mari-Jo, and Mari-Carmen. Three
years later, the programming skills came in handy during a research project at ECMWF. It
was great to work with Matthias Drusch, whose ambitious workplan was a rewarding chal-
lenge. I am also grateful to Gianpaolo, Sebastian, and Erik, for fruitful discussions, and
Dominique Lucas for detailed help with my fortran scripts. The time at ECMWF in general
was great, for that my thanks also go to my colleagues Gabor, Florian, Klaus, and the fanatic
football crew.

Finally, at the Hydrology Department of the Vrije Universiteit Amsterdam, I would like
to thank my colleagues who were always available for advice and consultation. I enjoyed
working closely with Henk, Michiel, Guojie, Jennifer, Margriet, and John Gash. The dis-
cussions with them and with my other colleagues from the Department helped to put my
work in the greater hydrological context. I would also like to thank my other good friends
at the VU whose good cheer and support always made it a pleasure to return to Amsterdam.
In particular I would like to thank Erhard and Sybrand, my seconds during the promotion
ceremony, who were always a support in the necessary recreational activities.

xi



I’m thankful to my promotor, Han Dolman, for giving me the time to work on the thesis.
The reading committee for this thesis consisted of dr. B. van den Hurk, dr. J-P. Wigneron,
dr. H. Kooi, dr. N. van de Giesen, and dr. W.P, Kustas. I truly appreciate the time they spent
reviewing this thesis.

None of these enriching experiences would have been possible, or be quite as fun, with-
out the support of my family and friends, to whom I am grateful.

xii



Publications

Peer-Reviewed Journals

• R.M. Parinussa, R.A.M. de Jeu, T.R.H. Holmes, and J.P. Walker. Comparison of Land
Surface Temperature obtained by Passive Microwave Observations and MODIS for
an area in Southern NSW, Australia, In revision 2008.

• A. Loew, T. Holmes, R. de Jeu. The European heat wave 2003: early indicators from
multisensoral microwave remote sensing?, Submitted 2008.

• T.R.H. Holmes, R.A.M. De Jeu, M. Owe and A.J. Dolman. Land Surface Temperature
from Ka-band (37 GHz) Passive Microwave Observations, submitted 2008

• T.R.H. Holmes, M. Owe, R.A.M. de Jeu and H. Kooi, (2008). Estimating the Soil
Temperature Profile from a single Depth Observation: A simple Empirical Heatflow
Solution, Water Resources Research, 44, W02412, doi:10.1029/2007WR005994.

• M. Drusch, T.R.H. Holmes, de Rosnay, P., G. Balsamo, (2008). Comparing ERA-
40 based L-band brightness temperatures with Skylab observations: A calibration /
validation study using the Community Microwave Emission Model, Journal of Hy-
drometeorology, In Press.

• T.R.H. Holmes, M. Drusch, J-P. Wigneron and R. de Jeu, (2008). A global simulation
of microwave emission: Error structures based on output from ECMWF’s operational
Integrated Forecast System, IEEE Transactions on Geoscience and Remote Sensing,
IEEE Transactions on Geoscience and Remote Sensing, 46(3),
doi:10.1109/TGRS.2007.914798.

• M. Owe, R. A. M. de Jeu and T. R. H. Holmes, (2008). Multi-Sensor Historical Cli-
matology of Satellite-Derived Global Land Surface Moisture, Journal of Geophysical
Research, 113, F01002, doi:10.1029/2007JF000769.

• T.R.H. Holmes, P. de Rosnay, R. de Jeu, J.-P. Wigneron, Y. Kerr, J-C. Calvet, M.J.
Escorihuela, K. Saleh and F. Lemaitre, (2006). A new parameterization of the Effec-
tive Temperature for L-band Radiometry, Geophysical Research Letters, Volume 33,
Issue 7, doi:10.1029/2006GL025724.

xiii



Papers in Conference Books and Book Chapters

• De Jeu, R.A.M., T. Holmes and M. Owe, (2004). Derivation of land surface pa-
rameters from 3 different vegetated sites with ELBARA 1.4 GHz Passive Microwave
Radiometer. In Proceedings of SPIE series, Remote Sensing for Agriculture, Ecosys-
tems and Hydrology V, Vol. 5232, Barcelona, Spain.

• De Jeu, R.A.M., T. Holmes and M. Owe, (2005). Determination of the effect of Dew
on Passive Microwave Observations from Space. In Proceedings of SPIE series, Re-
mote Sensing for Agriculture, Ecosystems and Hydrology VI, Vol. 5976-10, Bruges,
Belgium.

• De Rosnay, P., T. Holmes and J.-P. Wigneron, (2006). Parameterizations of the ef-
fective temperature for L-band radiometry. Inter-comparison and long term valida-
tion with SMOSREX field experiment, Radiative Transfer Models for Microwave
Radiometry. Mtzler, et al., eds. Thermal Microwave Radiation - Applications for
Remote Sensing. IET Electromagnetic Waves Series 52, London, UK.

• Owe, M., T. Holmes and R.A.M. De Jeu, (2005). A physical based model with remote
sensing inputs for improved soil temperature retrievals. In Proceedings of SPIE se-
ries, Remote Sensing for Agriculture, Ecosystems and Hydrology VI, Vol. 5976-25,
Bruges, Belgium.

xiv



Nederlandse Samenvatting

Dit hoofdstuk is een samenvatting van:
De stralingstemperatuur van de Aarde op microgolf frequenties.

Introductie

Observaties zoals gemaakt vanaf kunstmanen ofwel satellieten in een baan om de aarde
hebben een belangrijke rol gespeeld in het monitoren van klimaatsverandering over de
afgelopen twee decennia. De microgolf band is een deel van het elektromagnetisch spec-
trum met eigenschappen die het aantrekkelijk maken voor aardwetenschappers, genter-
esseerd als zij zijn in het landoppervlak. Zo zijn wolken grotendeels transparant voor mi-
crogolven zodat deze straling informatie over de bodem en vegetatie bevat, voornamelijk
gerelateerd aan temperatuur en vocht gehalte. Een bijkomend voordeel is dat dag en nacht
observaties mogelijk zijn. Nu, met dertig jaar aan observaties beschikbaar, en met nog veel
meer satelliet missies op stapel, worden er steeds meer toepassing gevonden voor aardob-
servatie met behulp van passieve microgolven. Hydrologen aan de Vrije Universiteit Am-
sterdam en NASA Goddard Space Flight Center hebben jarenlang samengewerkt aan het
ontwikkelen van een bodemvocht dataset op basis van dit dertig jaar satelliet archief. Als
deel van dit proces heeft de oppervlakte temperatuur van het land veel aandacht gekregen.

Dit proefschrift behandelt de link tussen de fysische temperatuur van het land oppervlak
en de stralingstemperatuur zoals gemeten met een radiometer in de ruimte. Een beter be-
grip van de precieze temperatuur verdeling in de bovenste laag van de bodem zal ten goede
komen aan methodes voor het verkrijgen van bodemvocht en vegetatie dichtheid parame-
ters uit passieve microgolf observaties. Gedurende dit onderzoek is een model ontwikkeld
dat het verticale temperatuur profiel in de bodem beschrijft voor de laag direct onder het
oppervlak. Voor toepassing op grote heterogene gebieden, zoals bij passieve microgolf data
het geval is, wordt het gezamenlijke effect van dit temperatuur profiel op de emissie vaak
samengevat in een zogenaamde ’effectieve temperatuur’. Deze effectieve temperatuur wordt
beschreven met behulp van de temperatuur op slechts twee dieptes en is verder afhankelijk
van het vocht gehalte van de bodem. Het effect van temperatuur gradinten op microgolf
emissie wordt belangrijker naarmate de laag van waaruit deze emissie komt toeneemt in
dikte. Dit is het geval bij de binnenkort te lanceren SMOS satelliet met een L-band ra-
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diometer. In het kader van deze nieuwe satelliet is er een nieuwe parameterizatie beschreven
voor de effectieve temperatuur voor L-band radiometrie. In het laatste hoofdstuk wordt een
stralingsoverdracht model gekoppeld aan een numeriek weersvoorspelling model om de
helderheids temperatuur te berekenen aan de top van de atmosfeer. Deze voorspelling kan
dan direct vergeleken worden met metingen vanaf satellieten. Dit model is flexibel opgezet
en integreert verschillende modules voor elke component die bijdraagt aan de microgolf
emissie. Hierdoor kan dit model nuttig zijn voor verder onderzoek naar stralingsoverdracht
modellen.

De oppervlakte temperatuur van het land
Een veelgebruikte methode om de oppervlakte temperatuur van het land (Ts) te meten op
mondiale schaal is door gebruik te maken van thermisch infrarood beelden. Deze methode
geeft een zeer directe en fysische bepaling van Ts mits de emissiviteit van het oppervlak bek-
end is en er geen wolken aan de lucht zijn. Hier wordt een alternatieve methode beschreven
die gebruik maakt van passieve microgolven. De 37 GHz vertikaal gepolariseerde heleder-
heidstemperatuur is gebruikt om de Ts te bepalen omdat dit beschouwd wordt als de meest
geschikte microgolf frequentie voor het bepalen voor temperatuur. Dit kanaal is namelijk
een goed compromis tussen een gereduceerde gevoeligheid voor de bodem onder de veg-
etatie en relatief hoge atmosferische doorlatendheid. Er wordt gedemonstreerd dat met
een simpele lineaire relatie, nauwkeurige Ts waardes bepaald kunnen worden met deze
frequentie, met een nauwkeurigheid van 1 Kelvin voor 70 % van het landoppervlak met
ten minste enige vegetatie. In Woestijn gebieden kan de temperatuur niet nauwkeurig
bepaald worden omdat dan de variabele bodem eigenschappen belangrijk worden, in het
bijzonder bodemvocht. De precisie van de temperatuur zoals bepaalt met deze methode
zal naar verwachting tussen de 2 en 3 Kelvin liggen. Doordat de 37 GHz frequentie al 30
jaar lang door satellieten wordt gemeten is het mogelijk met deze methode een consistente
lange klimatologie van oppervlakte temperatuur samen te stellen. Dit zou een waardevolle
aanvulling zijn op huidige op infrarood gebaseerde studies. Omdat er tegenwoordig zelfs
meerdere microgolf radiometers in banen om de aarde draaien, is het mogelijk om ook de
dagelijkse temperatuur cycli te observeren. Omdat de partitionering van de energie balans
aan het oppervlakte sterk gerelateerd is aan de oppervlakte temperatuur, kan kennis van
de amplitude van de dagelijkse gang van belang zijn voor studies van latente en voelbare
warmte stromen op mondiale schaal.

Temperatuurs profielen
Twee veld data sets zijn gebruikt om de temperatuurprofielen net onder het oppervlak te
bestuderen. Het blijkt dat de algemeen gebruikte oplossingen van de thermische conductie
van Van Wijk goed werken als ze worden toegepast of metingen in diepere lagen. De fout
loopt echter op dichter bij het oppervlak, waar meer extreme temperatuur schommelingen
voorkomen. De reden hiervoor is dat de methodes gebaseerd op Van Wijks oplossingen geen
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rekening houden met warmte bronnen en lekken onder het oppervlak. In dit proefschrift
wordt een nieuwe methode voorgesteld voor het modelleren van temperatuurprofielen op
basis van een observatie op slechts een enkele diepte. Deze methode bestaat uit twee delen;
1) het modelleren van het instantane grondwarmtestroom profiel op basis van netto straling
en de grondwarmtestroom op 5 cm diepte; en 2) het gebruik van deze grondwarmtestroom
om een enkele temperatuur meting te extrapoleren tot een compleet temperatuur profiel. Het
nieuwe model is gevalideerd onder verschillende veld en weersomstandigheden, met een
lage fout van 1 tot 3 Kelvin (met hogere fouten in droge omstandigheden). Ten slotte is het
hier gepresenteerde model getest onder de beperktere invoergegevens zoals die beschikbaar
zullen zijn in satelliet toepassingen. Deze beperkingen zullen lijden tot slechts een kleine
toename van de algemene fout.

Effectieve temperatuur voor L- band radiometrie

Een nauwkeurige bepaling van de effectieve temperatuur is belangrijk voor het verkrijgen
van de bodem emissiviteit van passieve microgolf observaties, en bij gevolg ook voor het
verkrijgen van bodemvocht. De exacte berekening van de effectieve temperatuur vereist
fijne profiel metingen van zowel temperatuur en bodemvocht. De beschikbaarheid van een
twee jaar lange dataset van deze variabelen, gemeten op de SMOSREX (Surface Monitoring
Of the Soil Reservoir EXperiment) maakt het mogelijk om de effectieve temperatuur te
bestuderen op de seizoenale tot inter-jaarlijkse schaal. Deze studie laat zien dat huidige
parameterizaties de seizoenale variaties in emissie uitdoving niet adequaat beschrijven. Om
deze reden wordt een nieuwe parameterizatie voorgesteld die stabiel is op de seizoenale tot
interjaarlijkse schaal.

Microgolf emissie model

In het laatste hoofdstuk wordt een microgolf emissie model gepresenteerd (CMEM) dat
onderzoek zal faciliteren naar de fouten bronnen voor L-band data assimilatie. Een nu-
meriek weersvoorspelling model is gekoppeld aan een stralingsoverdracht model om de
helderheids temperatuur te berekenen aan de top van de atmosfeer. Een fouten overdracht
studie is toegepast op fouten die gentroduceerd worden door: (1) de parameterizaties van het
stralingsoverdracht model, (2) externe geofysische grootheden voor de stralingsoverdracht
berekeningen, en (3) een imperfect weersvoorspelling model. Van de bestudeerde param-
eterizaties introduceren het vegetatie model en het dielectrisch model de grootste potentile
fouten. Echter, de grootste fout in helderheids temperatuur is waarschijnlijk gerelateerd aan
het gebruik van een externe vegetatie dataset. De potentile fouten zijn vaak groter dan de
variantie in de helderheids temperatuur zoals gerelateerd aan een imperfect weersmodel. Tot
slot is CMEM gebruikt voor een voorlopige kalibratie/validatie studie voor SMOS. Hiervoor
is met CMEM de mondiale L-band helderheids temperatuur berekend aan de top van de at-
mosfeer. De invoer voor dit experiment bestaat uit oppervlakte variabelen van ECMWF’s
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40 jaar her-analieze (ERA-40) en vegetatie data van de ECOCLIMAP dataset. De gemod-
elleerde helderheids temperaturen werden vervolgens vergeleken met (historische) obser-
vaties van de S-194 passieve microgolf radiometer aan boord van het Skylab ruimte station
uit de jaren zeventig. Gebruik makende van mondiaal constante waardes voor oppervlakte
ruwheid en de vegetatie structuur cofficint is het mogelijk om de gemiddelde helderheids
temperatuur te benaderen.

Verder Onderzoek
Dit proefschrift geeft veel aanknopingspunten voor verder onderzoek. De oppervlakte tem-
peratuur, gevalideerd ten opzichte van veld waarnemingen, zal vergeleken moeten worden
met infrarood temperatuur producten. Naar verwachting zal blijken dat de twee methodes
complementair zijn. Ten eerste kan de Ka-band temperatuur mogelijk gebruikt worden voor
het filteren van infrarood data die gecorrumpeerd is door de aanwezigheid van wolken. Ten
tweede, de IRT data kan gebruikt worden om de fout in de Ka band te controleren en mo-
gelijk te beperken. Als beide studies succesvol zijn zouden de twee temperatuur producten
gecombineerd kunnen worden in een enkel superieur product met veel minder gaten in de
set dan de individuele producten.

Het modelleren van temperatuur profielen op de mondiale schaal zal enkele extra uitdagin-
gen presenteren die niet behandeld zijn op de studie velden met kale bodem. Twee belan-
grijke zijn: 1) the grove ruimtelijke resolutie van de netto straling producten die momenteel
beschikbaar zijn, en 2) het uitbreiden van de methode naar gebieden met vegetatie zal het
nodig maken de afname van de netto straling te modeleren als gevolg van die vegetatie.
Hoewel de vegetatie het model meer complex zal maken, heeft het ook het effect om de
temperatuur gradinten in de bodem te verkleinen zodat de potentile fouten omlaag gaan.

Bij het Europees centrum voor de middellange termijn weersvoorspelling (ECMWF),
wordt CMEM momenteel klaargemaakt om data van de nieuwe SMOS (bodemvocht en
saliniteit) satelliet direct te kunnen integreren in een data assimilatie systeem. Een op
zichzelf staande versie van dit model is beschikbaar voor de wetenschappelijke gemeen-
schap. Dit kan potentieel een platvorm zijn om nieuwe parameterizaties en methodes te
testen en vergelijken.

De ultieme combinatie van alle ingredinten van dit proefschrift zou kunnen draaien om
CMEM. Het zou bodemvocht bepaling van de geplande L- band radiometer SMOS fa-
ciliteren. In deze voorgestelde aanpak worden infrarood en Ka-band temperatuur samen
gebruikt om de oppervlakte temperatuur te bepalen. Deze is momenteel inaccuraat in het
weersmodel van ECMWF en wordt niet gebruikt in CMEM. In combinatie met de in dit
proefschrift voorgestelde profiel methode kan dit een ondersteuning zijn voor de bepaling
van de effectieve temperatuur voor L-band. Omdat de vegetatie database tot grote onzek-
erheden leidt wordt voorgesteld om de polarisatie informatie van de microgolf data te ge-
bruiken om de vegetatie invloed te isoleren. Op deze manier worden onzekerheden in de
temperatuur en de vegetatie beperkt en kan de data assimilatie zich richten op het verbeteren
van de bodemvocht gegevens.
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Chapter 1

General Introduction

1.1 Background

1.1.1 The global picture
Space-based remote sensing offers the greatest single contribution yet to large-scale mon-
itoring of the Earth’s surface. If properly utilized, satellite systems can offer the spatial,
temporal, and spectral resolution necessary for consistent and continuous coverage of the
whole Earth environment and its surrounding atmosphere. Currently there is a wide variety
of satellites circling the Earth. With various orbits and instrumentation, they provide an
invaluable means of monitoring our planet thanks to their consistent and recurring measure-
ment capability. In fact, observations from Earth-orbiting satellites have been a key com-
ponent in monitoring climate change for the past two decades (Wentz and Schabel, 2000),
and in alerting us to potentially detrimental or even catastrophic changes taking place on
our planet. For example, satellite observations were important in the detection of the grow-
ing ozone hole over the South Pole in the 1980’s. After the reduction in ozone levels was
convincingly linked to manmade chemicals, in particular chlorofluorocarbon (CFC), inter-
national political action resulted in the signing of the 1987 Montreal Protocol on Substances
that Deplete the Ozone Layer. This protocol and its later amendments have helped to stop
the growth of the ozone hole (WMO, 2007), and is one of the most successful international
environmental agreements to date. A second example is the use of satellites in assessing the
scale of deforestation in the Amazon (Skole and Tucker, 1993). Concerns about the loss in
biodiversity, effect on regional climate and the release of carbon to the atmosphere have led
to international agreements to reduce deforestation. Unfortunately, these accords have not
yet met with the same success as the Montreal accord. Another example is the monitoring of
the extent of sea ice in the northern and southern hemisphere (Fetterer and Knowles, 2004).
Just last year, in 2007, the sea ice extent of the northern hemispheres reached a record low
since measurements began in 1978. These are just a few examples of the impact that satel-
lite observations have had on the way we see our planet. More generally, Earth observation
satellites have provided us with a new and complete view of our planet; they have given us

1



Chapter 1. General Introduction

the global picture.

1.1.2 The land surface
The Earth’s natural climate is mainly determined by the way in which external (solar) energy
is distributed between the ocean, the land surface, and the atmosphere. Of these three main
components, the condition of the land surface is of particular interest because its direct
and local impact is of great importance to human activities. The land surface is also the
most variable over a broad range of temporal and spatial scales. This large heterogeneity
is a challenge for validation studies of global meteorological and climate models. In situ
surface measurements of these variables are generally not representative for a wider region,
making dense long-term measurement networks necessary. Creating such a network on
a continental scale is, unfortunately, not feasible. The only realistic way to acquire long
term global observations of the key climate parameters is by means of remote sensing (e.g.
Entekhabi et al., 1999).

The land surface process that is central to climate change studies is the coupled water
and energy balance within the land-atmosphere continuum. Water, in particular surface soil
moisture, strongly influences the partitioning of the incoming solar energy at this surface
into latent, sensible and ground heat fluxes. The size of the resulting latent flux, together
with precipitation, surface and subsurface runoff make up the water balance. Vegetation
affects both balances in several ways. By shielding the soil from direct solar radiation it
limits the energy available for the latent flux from the surface layers. At the same time the
vegetation extracts water from the whole root zone and transpires it into the atmosphere.

Land surface temperature (LST) is an important variable in all of these processes that
control the energy and water fluxes over this interface. For this reason, remote sensing
technologies that can (indirectly) measure the land surface temperature are of great use to
climate scientists. Furthermore, LST is a necessary input variable in numerous soil moisture
retrieval methodologies from space observations (e.g. Kerr et al., 2001; Owe et al., 2001;
Njoku et al., 2003; Verstraeten et al., 2006).

1.1.3 A History of Passive Microwave Remote Sensing
Every object with a temperature above absolute zero radiates energy in a spectrum of fre-
quencies. This spectrum is divided into radio waves, microwaves, infrared, visible light
and ultraviolet. The ’invisible’ parts of the spectrum were first recognized in the 19th cen-
tury and the existence of radio- and microwaves was first demonstrated in 1888. In this
year Heinrich Hertz validated Maxwell’s electromagnetic wave theory, although he didn’t
appreciate the importance right away:

It’s of no use whatsoever [...] this is just an experiment that proves Maestro
Maxwell was right we just have these mysterious electromagnetic waves that
we cannot see with the naked eye. But they are there. 1

1’Heinrich Rudolf Hertz’. Biographies of Famous Electrochemists and Physicists Contributed to Understanding
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At first, these newly discovered parts of the spectrum were used to learn more about
distant objects in our solar system. It is not surprising then, that when in 1944 Robert Henry
Dicke invented the radiometer, an instrument that measures the thermal microwave radia-
tion, he used it to measure the surface temperature of the moon and the sun, not the Earth.
However, radio astronomers have to account for the terrestrial atmosphere to understand the
signals as recorded by their ground based instruments. It was initially for this reason that
scientists discovered that natural radiation penetrates clouds in large parts of the microwave
spectrum, and, at the lower microwave frequencies, also vegetation. This is an important ad-
vantage for Earth observation, if the primary interest is the surface and not the atmosphere.
A second advantage is that microwave measurements do not require solar illumination, so
that both day- and nighttime observations are possible.

After the launch of the Sputnik in 1958, the space race between the Soviet Union and the
United States of America helped to prepare the path for earth observation from space. Only
ten years after this first man-made object in orbit, the Russian COSMOS-243 was the first
Earth observing satellite with microwave radiometers, one of which was at 37 GHz. Then,
in 1973, astronauts collected observations with an L-band radiometer from the space re-
search laboratory Skylab. Remote sensing became more sophisticated through the years and
in 1978 the American NIMBUS-7 satellite carried the Scanning Multichannel Microwave
Radiometer (SMMR), providing global coverage at several microwave bands. In the next
three decades many more, and increasingly advanced, missions followed. Simultaneously,
the Radiative Transfer Theory evolved, with the physical basis being firmly established in
Ulaby’s trilogy: “Microwave Remote Sensing, Active and Passive” (1981, 1982, 1986).
During this period various field experiments were conducted in support of satellite missions
and to test models based on Radiative Transfer Theory.

The interpretation of microwave emission is presently studied in many different disci-
plines. In the oceanic community, microwave emission is used to retrieve sea surface tem-
perature and ocean salinity. In cryospheric studies, microwaves are used to monitor snow
depth and snow extent. In the atmospheric science, specific microwave frequencies are used
for rainfall measurements. This thesis will focus on studies of the unfrozen land surface,
where passive microwave sensing can be used for the retrieval of soil moisture, vegetation
density and land surface temperature.

Passive microwave remote sensing is based on the strong dependence of the natural
emission from the land surface on the water content of that surface. Microwave emission
from a land surface is a function of the temperature of the soil and vegetation, and is ab-
sorbed and scattered by moisture in the soil and vegetation. The relative importance of these
variables depends on the exact frequency and polarization of the emitted energy. Other im-
portant factors are the roughness of the surface, soil texture and salinity of the soil water but
these may be considered constant in time.

of Electricity, Biosensors & Bioelectronics. by Eugenii Katz
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Chapter 1. General Introduction

1.1.4 The contribution from the VU University Amsterdam
Scientists from the department of Hydrology and Geo-environmental science at the Vrije
Universiteit Amsterdam and from the Hydrology Branch at NASA Goddard Space Flight
Center have collaborated since the late 1980’s on the development of a soil moisture retrieval
algorithm (Owe et al., 1992, 2001). In 2006, this method was deemed ready to be applied
on a series of satellites that were in operation over the past three decades. The resulting
data set is one of the first historical soil moisture records with global coverage and based on
actual observations.

During the development of this soil moisture algorithm, the role of the surface tempera-
ture was given much attention. Land surface temperature may be derived by several remote
sensing methods, including infrared and microwave techniques. Commonly used global
LST products are derived from thermal infra red (TIR) sensors that are integrated in many
satellite systems (polar orbiting AQUA, as well as geostationary platforms like GOES and
METEOSAT). Assuming that the land surface emissivity is known, the actual land surface
temperature of the surface can be derived from TIR measurements under clear skies. With
TIR techniques no observations are possible under clouded conditions, which is one of the
main advantages of microwave sensors. To maintain this advantage, a method is developed
to derive the land surface temperature from an appropriate microwave channel. The 37 GHz
vertical polarized channel is chosen because it balances a reduced sensitivity to soil surface
characteristics with a relatively high atmospheric transmissivity. This microwave derived
land surface temperature is representative of a thin surface layer of vegetation or bare soil.

1.2 Thesis Objective
The applications of remote sensing to Earth science have increased enormously over the
last decades. In the future this is likely to continue so that remote sensing will give us
an ever more detailed view of planet Earth. This development will be supported by three
main factors: 1) longer time series through continuation of ‘legacy’ missions, 2) new and
improved measurement technology, and 3) increased sophistication of the interpretation of
satellite data. It is this last factor that is the motivation for the research described in this
thesis.

The subject of this thesis is the radiative temperature of the earth at microwave fre-
quencies, and in particular of the land surface. The objective is to study the link between
the physical temperature of the land surface and the radiative temperature as measured by
passive microwave radiometers in orbit around the earth. Improved retrieval of the land
surface temperature will directly benefit the retrieval of soil moisture and vegetation density
from passive microwave data. A better understanding of the near surface temperature pro-
files will become important for interpreting data from new satellites that measure at longer
wavelengths and have a deeper sensing depth. In addition, the land surface temperature
will be valuable for Earth system scientists that study the partitioning of the surface energy
balance.

The objective is pursued from three different aspects. First, data from field experiments
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are used to calibrate and validate the theoretical models of microwave emission and to sup-
port algorithm development. The second aspect is the use of simulation studies to test the
implications of Radiative Transfer Theory and uncertainties in simplified models. Finally,
the current state of the art in radiative transfer modelling is applied to output from an op-
erational weather forecasting model in order to prepare for direct assimilation of measured
brightness temperatures.

1.3 Outline
The research for this thesis was conducted over four years, at four different institutes, and in
four different countries. More importantly, the four supervisors each had their own unique
influence by posing challenging research questions. The following chapters present the re-
sults of these separate lines of research, all in the framework of the microwave radiative
temperature of the earth. These chapters are not ordered chronologically. Instead, they fol-
low the physical temperature and its relation to the microwave emission, from the uppermost
shallow layer down through the soil. This corresponds to a lengthening in the temperature
sensing depth of microwaves, from ∼1 mm at Ka band to a maximum of 30 cm at L band.

After the introduction, the second chapter will deal with the uppermost surface layer,
with a thickness of only several millimeters. Based on Radiative Transfer Theory, it is shown
that the thermodynamic temperature of this layer can be derived from Ka band passive
microwave observations for most unfrozen land surfaces of the Earth. The third chapter will
look at the temperature profiles in the surface 10 cm of a bare soil. Especially within the first
several centimeters, the daytime temperature gradients are very strong. In order to compare
measurements that are derived at different depths, a method is developed to extrapolate a
full temperature profile from a single temperature measurement within this layer.

Currently, the operational space-based microwave sensors that are most suitable for soil
moisture retrieval, observe within the C and X bands. The emission at these frequencies
originates within a surface layer of 1 to 2 cm thickness. The surface temperature derived at
Ka band can therefore directly be used as the effective temperature for these frequencies.
At L band, the sensing depth is deeper, varying from 5 cm for a wet soil to as deep as
30 cm, for a dry soil. Defining a single effective temperature requires a parameterization
that includes the surface and deep soil temperature, as well as a soil moisture estimate.
In the fourth chapter, data from a long term field experiment is used to calibrate current
parameterizations at daily to annual temporal scales.

The last chapter combines the current state of the art in radiative transfer and couples
it to an operational weather forecasting model. Routine observations of the surface state
variables are an important source of ‘truth’ for such models, operating at the global scale.
These weather prediction models already incorporate satellite observations of the state of the
atmosphere. It is now investigated how passive microwave products can be used to improve
estimates of the surface variables like soil moisture. For this purpose a microwave emission
model is developed, that is tailored to the input fields of a numerical weather prediction
model, for the frequency range of 1-20 GHz.
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Chapter 2

Land Surface Temperature from
Ka-band (37 GHz)

2.1 Introduction
Land Surface Temperature (Ts) is defined as the thermodynamic temperature of the upper-
most layer of the Earth’s surface. Ts is an important variable in the processes controlling the
energy and water fluxes over the interface between the Earth’s surface and the atmosphere.
For continental to global scale modelling of these land surface processes there is need for
long-term remote sensing-based Ts for validation and data assimilation procedures. Fur-
thermore, Ts is a key input variable in numerous soil moisture retrieval methodologies from
space observations (e.g. Kerr et al., 2001; Owe et al., 2001; Njoku et al., 2003; Verstraeten
et al., 2006).

Continental to global scale modelling requires Ts to be an area averaged value for each
model grid square, typically sized between 0.5−2.0 degree. Remote sensing is ideally suited
to give area averaged values at this spatial resolution. Commonly used global Ts products
are derived from thermal infra red (TIR) sensors that are integrated in many satellite systems
(e.g. polar orbiting AQUA, as well as geostationary platforms like GOES and METEOSAT).
The spatial resolution of TIR measurements ranges from 1-5 km for polar orbiting satellites
to 50 km for geostationary platforms. Assuming that the land surface emissivity is known,
the actual temperature of the land surface can be derived from TIR measurements under
clear skies. The TIR measurements usually need a correction for atmospheric constituents
like water vapour, aerosols and particulate matter, and no observations are possible under
clouded conditions. The latter is an important limitation because on average 50% of the land

This chapter is submitted as: T.R.H. Holmes, R.A.M. De Jeu, M. Owe and A.J. Dolman, Land Surface Tem-
perature from Ka-band (37 GHz) Passive Microwave Observations, 2008b
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surface is covered by clouds (Rossow et al., 1993). Passive microwave observations can be
an alternative, or an addition to TIR sensors, for measuring Ts, in particular at the Ku- band
(18 GHz) or Ka-band (37 GHz). Observations within these channels are typically divided
in horizontal and vertical polarization. The vertical polarized channel is better suited for
temperature sensing than the horizontal channel because it is less sensitive to changes in
soil moisture at incidence angles of 50 − 55◦. Of these two microwave bands, Ka-band
is the more appropriate frequency to retrieve Ts because it balances a reduced sensitivity
to soil surface characteristics with a relatively high atmospheric transmissivity (Colwell
et al., 1983). The sensitivity to soil surface parameters is lower at Ka band than at Ku band
because vegetation scatters the surface emission more effectively. As a result, even a thin
vegetation cover is opaque to TB,37V emission. The use of TB,37V for deriving Ts is limited
by snow, frost, and frozen soil, as these conditions have a large effect on the emissivity that
cannot easily be parameterized. The atmosphere appears more opaque at Ka- band than at
Ku-band, resulting in an effect of the atmospheric temperature. Also, rain bearing clouds
or active precipitation with droplets close to the size of the wavelength (8 mm for 37 GHz)
will scatter the microwave emission (Ulaby et al., 1986). TB,37V observations have a spatial
resolution of 25 km, which is somewhat higher than the resolution of current global land
surface models, but lower than most TIR measurements.

Besides these theoretical considerations, there is an import additional advantage to using
either Ku-band or Ka-band and that is that these channels have been a constant part of satel-
lite microwave missions since the late 1970’s. Continuous measurements of TB,37V are now
available from 1978 to the present from the Scanning Multichannel Microwave Radiometer
(SMMR), the Special Sensor Microwave Imager (SSM/I), the TRMM Microwave Imager
(TMI) and the Advanced Microwave Scanning Radiometer (AMSR-E), see Fig. 2.1. These
radiometers are all on polar orbiting satellites with global coverage, except the TMI that has
an equator orbitting path between 40◦ north en south. In the future, the current missions
will be continued and expanded (TRMM by the Global Precipitation Monitoring mission
(GPM) Microwave Imager, AMSR-II on the GCOM-W, and a new Microwave Radiometer
Imager (MWRI) is planned on the Chinese FY-3).

At this point it is important to qualify how Ts is defined. The depth of the surface
layer that Ts refers to depends on the sensor and the composition of the land surface in the
sensor footprint. For bare surfaces, Ts represents the soil temperature at a shallow depth that
depends on view angle, wavelength, and the surface characteristics (e.g. roughness, wetness,
and soil texture). This thermal sampling depth is ∼ 50 µm for TIR frequencies, and at 37
GHz between 1 mm for a wet soil and up to 10 mm for a dry soil (Ulaby et al., 1986). When
the surface is covered with vegetation, Ts represents the canopy surface temperature. In this
paper, Ts refers to the area weighted average of the temperatures of the various land covers
within a specific scene. As will be shown, at 37 GHz the vegetation is relatively opaque, and
for most of the Earth (60%) Ts will effectively represent the vegetation canopy temperature.

In the past, several authors used the 37 GHz signal to derive surface temperature for
different well defined study sites and observed a strong linear relationship between TB,37V

and Ts (e.g. Owe et al., 2001; Owe and Van de Griend, 2001; De Jeu and Owe, 2003). Other
authors have tried multi-frequency approaches (e.g. Fily et al., 2003, see), but these tech-
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Figure 2.1: Operating years of microwave radiometers in orbit. The SSM/I sensor has been
on several overlapping DMSP missions and the AMSR-E sensor is included in the AQUA
and WINDSAT missions.

Table 2.1: Geographical location, IGBP vegetation class and LW emissivity for 17 field
sites.

ID Site name Latitude Longitude Vegetation class at site Vegetation class 0.15◦ LW Emissivity at
site

Low vegetation group
A Arizona5 , US 31.59N 110.51W Grasslands Grasslands 0.946
B Fort Peck Montana5 , US 48.31N 105.10W Grasslands cropland/ natural veg. mosaic 0.961
C Brookings South Dakota5 , US 44.35N 96.84W Croplands Croplands 0.971
D Bondville Illinois5 , US 40.01N 88.29W Croplands Croplands 0.961
E Bondville comp. Illinois 5 , US 40.01N 88.29W Croplands Croplands 0.938
F Cabauw1 , NL 51.97N 4.93E Croplands Croplands 0.995
G Gebesee6 , DE 51.10N 10.91E Croplands Croplands 0.987
H Mitra II7 , Evora, PT 38.54N 8.00E cropland/ natural veg. mosaic cropland/ natural veg. mosaic 0.980
High vegetation group
I Ozark Missouri5 , US 38.74N 92.20W Deciduous broadleaf forest cropland/ natural veg. mosaic 0.970
J Morgan Monroe Indiana, US 39,32N 86.41W Deciduous broadleaf forest Deciduous broadleaf forest 0.995
K Collelongo beech8 , IT 41.85N 13.59E Deciduous broadleaf forest Mixed forest 0.960
L Mehrstedt12 , DE 51.28N 10.65E Mixed forest Croplands 0.989
M Loobos3 , NL 52.17N 5.74E Evergreen needleleaf forest Croplands 0.995
N Le Brai9 , FR 44.72N 0.77W Evergreen needleleaf forest Mixed forest 0.988
O Black Hills South Dakota5 , US 44.16N 103.65E Evergreen needleleaf forest Evergreen needleleaf forest 0.971
P North Carolina, US 35.98N 79.09W Evergreen needleleaf forest Mixed Forests 0.990
Q Yatir4 , IL 31.35N 35.05E Evergreen needleleaf forest barren or sparsely vegetated 0.994
1 Beljaars and Bosveld (1997); 2 Scherer-Lorenzen et al. (2007); 3 Dolman et al. (2002); 4 Grunzweig et al. (2003); 5 Hollinger et al.
(2005); 6 Anthoni et al. (2004); 7 David et al. (2004); 8 DeAngelis et al. (1996); 9 Kowalski et al. (2003)

niques have been more difficult to apply globally. This paper will continue with the single
frequency approach and examine the potential of 37 GHz passive microwave observations
for deriving land surface temperature at global scales. Simulation studies are used to test the
theoretical influence of the most important factors that affect the relationship between the
Ts and the measured TB,37V at the top of the atmosphere. Based on these simulations, a sin-
gle linear relationship between Ts and TB,37V is derived, that can then be applied globally.
Comparisons to field data are used to validate this approach.
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2.2 Materials and Methods

2.2.1 Ground Measurements
Fluxnet is a network of meteorological towers spanning the entire globe (Baldocchi et al.,
2001). From this database 17 sites are selected that have good records of long wave radi-
ation, sensible heat flux and air temperature for the year 2005, with a temporal resolution
of a half hour. Secondary variables for this analysis are net radiation and wind speed.
These sites represent a variety of vegetation types and climates (see Table 2.1). The domi-
nant IGBP land cover class for the surrounding 0.15◦ grid box is based on the MOD12Q1
Land Cover Product (Belward et al., 1999). The reader is referred to ”http://www.bgc-
jena.mpg.de/public/carboeur/sites” for a detailed description of all sites.

As discussed previously, Ts is the integrated temperature of all the land surface covers
in a given radiometric footprint. It follows then that it can not be measured at a single point,
nor is it easily estimated by multiple observations of the soil and canopy surfaces. One way
to address this problem is by comparing Ts with the emitted long wave radiation. The long
wave flux is a direct function of the physical temperature of the land surface, and like Ts, is
representative of all the radiating surfaces in the sensor’s view. The benefit of this approach
is that no temperature conversions need to be made to compare temperatures from different
depths. Instead, the long wave emissivity (ε) must be determined for each site separately to
calculate the land surface temperature, now denoted TLW . The procedure to determine ε is
outlined below.

Although the use of the long wave flux makes it easier to compare the satellite derived
temperature with ground measurements, the footprint of the flux tower measurement re-
mains much smaller than that of the satellite. Heterogeneity within the satellite footprint
can therefore cause a bias between the two measurements, if the location of the flux tower
is not representative for the 25x25 km area. For this reason the satellite derived land sur-
face temperature will principally be validated against the ground measurements in terms of
correlation R2 and standard error of estimate (SEE), and not in terms of bias.

2.2.2 Long wave emissivity
The relationship between outgoing long wave radiation (FLW,up) and long wave surface
temperature, denoted TLW , is based on the Stefan-Boltzmann law, according to:

FLW,up = εσT 4
LW (2.1)

where ε is the broadband emissivity for the entire TIR spectral region and σ is the Stefan-
Boltzmann’s constant (σ = 5.6697× 10−8Wm−2K−4).

According to Penman (1948), the sensible heat flux (H) can be described as H = C∆T ,
with C representing vegetation dependent parameters and boundary conditions. ∆T is the
temperature difference between the land surface and the air. By this definition, H = 0 when
∆T = 0. It follows that for a series of measurements the regression line of H against ∆T
goes through zero. The ε can now be determined for each field site by optimizing the ∆T
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(b) Forest site P

Figure 2.2: Sensible heat flux against optimized ∆T . Graph (a) shows an example where
procedure A works well due to a high R2 between H and ∆T for points denoted by (+).
Graph (b) shows an example with no correlation where procedure B has to be applied.

so that the regression (forced through zero) of H against ∆T has the lowest RMS error.
This procedure (A) is applied for every month separately of the 2005 data and gives robust
results when the ∆T explains a substantial part of the variance in H (we use a minimum R2

of 0.5). The H values are considered reliable when the net radiation is more than 25Wm−2

and the wind speed is more than 2ms−1. Fig 2.2a shows an example of the optimized ∆T
from the cropland site C in Brookings, South Dakota, US, for August 2005. The points
denoted by (+) are used for the optimization, the dots are the values that have either a low
net radiation flux or a low wind speed.

The above procedure A does not work when the variation in H can not be explained by
∆T . This is the case when the roughness length of the vegetation is high, resulting in only
a minimal difference between the vegetation and air temperature (Ta). For this situation it
is assumed that Ts = Ta, and that the integrated temperature Ts is fully determined by the
canopy temperature. The ε is now derived by minimizing the RMS error between Ts and
Ta. Fig 2.2b shows an example of the resulting ∆T according to this procedure B, for the
forest site P in North Carolina, US, for August 2005. This figure illustrates that the variance
in Hcan not be explained by the temperature difference between the canopy and the air.

The retrieved ε per month is indicated in Fig 2.3 for each site. The emissivity as deter-
mined following procedure A is indicated by a (·) for R2 > 0.5, or an (×) for R2 ≤ 0.5.
For the months with a low correlation, the value is rejected and the alternative procedure B
is used where Ts = Ta. The emissivity according to this method is indicated by a (◦). If
more than 4 months have a high squared correlation, the average value for the whole year is
based on these emissivities, otherwise it is based on the alternative method. The resulting
average ε for each site is listed in the graph and indicated by the horizontal line. It represents
the effective long wave emissivity for the footprint of the flux measurements. Note that the
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emissivity can change during the year, especially if the surface is barren for part of the year
(e.g. site A, and H).

The values may be compared to MODIS emissivities for the wavelengths between 8
and 12 µm. Snyder (1999) lists them for the same IGBP classes: grasslands (ε = 0.96);
croplands (ε = 0.97 − 0.98); deciduous broadleaf forest (ε = 0.97); and evergreen nee-
dle leaf forest (ε = 0.99). The emissivities are comparable, although the field values for
cropland have a high variability. The high emissivity for the cropland of Cabauw (site F)
can be explained by high percentage of water (with ε = 0.99). Black hills (site O) has a
low emissivity compared to the rest of the forest sites and the MODIS emissivity, this is
probably because of the open canopy.

The year averages of ε are subsequently used to calculate TLW for each site. For the
comparison with the satellite observations, the ground measurement of TLW is selected that
is within 15 minutes of the satellite observation.

2.2.3 Satellite observations
Vertically polarized brightness temperatures in the Ka-band are currently observed by vari-
ous satellites (see Fig. 2.1). In this study, we analyze the brightness temperature as observed
by AMSR-E onboard the sun synchronous and polar orbiting AQUA satellite (Ashcroft and
Wentz, 2003, updated daily). AMSR-E has a 36.5 GHz channel at 55◦ incidence angle.
Equator overpass times are at 1330 hours for the ascending path and 0130 hours for the
descending path. The revisit time at the equator is ∼ 3 days. For each ground location of
Table 2.1 we have extracted a time series of satellite brightness temperature observations
for the year 2005 based on the Level 2A spatially resampled swath data. This time series
includes the nearest points within either the ascending or the descending over passes.

For two selected ground sites (North Carolina (P) and Montana (B), US) TB,37V is
extracted for two additional satellites. The first one is the TMI onboard the equator orbiting
TRMM satellite (Kummerow et al., 1998). The overpass times of TRMM vary through the
year. The second radiometer is the SSM/I onboard the polar orbiting DMSP (Armstrong
et al., 1994, updated current year). Data are extracted from the fl3 platform with equator
overpass times at 0600 and 1800 hours and a 4-5 day revisit time.

2.2.4 Radiative transfer model for Ka-band
Brightness temperature as measured by satellite sensors can be simulated by radiative trans-
fer models. A commonly used model that describes the microwave emission above a veg-
etated surface is the zero order scattering model, sometimes called the omega-tau model
(Kirdiashev et al., 1979). In this paper we use this omega-tau model to simulate the 37 GHz
vertically polarized brightness temperature (TB,37V ) at the top of the atmosphere:

TB,37V = TB,au + Γa[TB,adrr,V Γ2
v + Ts(1− rr,V )Γv + (2.2)

Tc(1− ω)(1− Γv)(1 + rr,V Γv)]
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Figure 2.3: Monthly long wave emissivities for the ground sites. The letters above each plot
refer to the site ID’s in Table 2.1. The average value for the whole year is indicated by the
horizontal line, and markers indicate retrieval procedure: procedure A is indicated by a (·)
for R2 > 0.5, or an (×) for R2 ≤ 0.5, and procedure B is indicated by a (◦).
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where TB,au and TB,ad are the up- and downward atmospheric brightness temperatures and
Γa is the atmospheric transmissivity. The temperature of the soil surface is considered the
same as the canopy temperature (Ts = Tc). ω is the single scattering albedo, rr,V is the
rough surface reflectivity and Γv is the vegetation transmissivity.

The Fresnel law defines the smooth surface reflectivity (rs) as a function of the dielectric
constant of the soil. The dielectric constant is modelled according to the mixing model by
Wang and Schmugge (1980), which is adapted for high frequencies by Calvet et al. (1995).
In this dielectric mixing model the influence of soil texture is parameterized by the porosity
and the wilting point. The vertical polarized rr,V is derived from the smooth surface reflec-
tivity (rs,Handrs,V by correcting for the effect of roughness with the parameters Q for the
cross polarization and h for the roughness height (Wang and Choudhury, 1981):

rr,V = (Qrs,H + (1−Q)rs,V ) e−hcosθ (2.3)

where θ is the incidence angle. Unfortunately published values of single scattering albedo
at this frequency are rare, especially for natural vegetation. Pampaloni and Paloscia (1986)
found values of ω = 0.03 to ω = 0.06 for crops, while values averaging around ω = 0.1
were found for savannah surfaces (Van de Griend and Owe, 1994).

The atmospheric transmissivity is a function of the zenith atmospheric opacity (τa) and
incidence angle:

Γa = e−τa/cosθ (2.4)

At 37 GHz, the atmospheric opacity varies between τa = 0.05 and τa = 0.20 depending on
atmospheric water content (Ulaby et al., 1986). At θ = 55◦, this corresponds to Γa = 0.92
and Γa = 0.71 respectively. Choudhury et al. (1992) parameterized τa as a function of
precipitable water (V) and cloud liquid water content (L):

τa = 0.030 + 0.0022V + 0.155L (2.5)

TB,au is a function of the effective air temperature (Te) and Γa:

TB,au = Te(1− Γa) (2.6)

The effective air temperature is the mean air temperature, weighted by the atmospheric
vapour content. Finally, TB,ad is equal to the sum of the TB,au and the cosmic background
radiation of 2.7 K, which is independent of frequency and incidence angle (Ulaby et al.,
1981).

2.2.5 Simulation Experiments

The radiative transfer model for TB,37V is used to test the sensitivity of the TB,37V /Ts

relationship to the most important input parameters. For this purpose simulations were con-
ducted that model the TB,37V for Ts = 300K and for two scenarios; a typical vegetated

14



2.2. Materials and Methods

Table 2.2: Input parameters for the simulation experiments.

Vegetated surface Dry, bare surface
Water content [%] 25 5
Soil type Silt loam Sand
Vegetation transmissivity [-] 0.2 0.9
Atmospheric transmissivity [-] 0.9 0.74
Roughness [-] 0.2
Cross polarization [-] 0.2
Single scattering albedo [-] 0.06

surface and an extremely dry, bare surface (see Table 2.2). The purpose of these simula-
tions is to test the radiative transfer model and to determine the sensitivity to various input
parameters.

The vegetated scenario has medium volumetric soil water content (Wc) of 25%. The
soil texture parameters are typical for a silt loam, with a porosity of 50% and a wilting point
of 13%. The texture of a silt loam is chosen because the wilting point value is between the
values for sand (3%) and clay (27%). At Ka-band, even a thin vegetation cover becomes
non transmissive to the emission from the surface. Therefore, the transmissivity will in
general be low and a default value of Γv = 0.2 is used. The atmosphere in this scenario is
typical for a temperate climate, with 9 mm of precipitable water and no liquid water. This
corresponds to a τa = 0.05 (or Γa = 0.9 at an incidence angle of 55◦).

The dry, bare scenario has a low Wc of 10% and high vegetation transmissivity (Γv =
0.9). The soil texture parameters are typical for sand, with a porosity of 44% and a wilting
point of 3%. Sand is chosen because the persistently dry surfaces do not accumulate clay
particles. The atmosphere in this scenario is typical for a desert climate with 45 mm of
precipitable water and no cloud liquid water content. This corresponds to a τa = 0.15 (or
Γa = 0.74 at an incidence angle of 55◦).

The surface roughness, cross polarization, and single scattering albedo are somewhat
difficult to quantify, so they are used to calibrate the radiative transfer model to approximate
the derived general relation in both scenarios. Furthermore, we describe the effective air
temperature as a function of the surface temperature (Bevis et al., 1992): Te = 70.2+0.72Ts

(all units in Kelvin).

The influence of each of the input parameters on the simulated TB,37V is tested by
varying them over a realistic range, while holding the other parameters constant. Variations
from the calibrated default scenario will indicate sensitivity. Secondly, the sensitivity of the
model to spatial variations in soil moisture and vegetation density is tested with observed
global maps of these input variables.
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Figure 2.4: Regression of satellite observations against ground observations of 14 fluxnet
sites. The ground observations have a temporal resolution of a half hour.

2.3 Results

2.3.1 General Solution
The aim of this paper is to test if a single channel approach can be used to derive the land
surface temperature globally. For this reason we test a simple linear relation that is de-
rived from the ground observations (Table 2.1) and the AMSR-E 37 Ghz, vertical polarized
channel. Three sites are excluded from this analysis because the flux tower is not represen-
tative for the satellite footprint. The excluded sites are sites; F) Cabauw, Netherlands, too
much open water, and Q) Yatir, Israel, small forest in barren surroundings, and H) Mitra2,
Portugal, a grass site in open Oak woodland. The resulting sites have a range of different
vegetation types and climates. Fig 2.4 shows the scatter plot of all the data. The relationship
between TB,37V and Ts that best describes these observations is:

Ts = 1.11TB,37V − 15.2 for TB,37V > 259.8 (2.7)

The corresponding standard error of 4.5 K and correlation of R2 = 0.84 are the up-
per limit of expected error for this method and reflect errors in the model, in the ground
measurement and errors due to the heterogeneity of the satellite footprint as compared to
the ground site. The errors as caused by this simplification of the radiative transfer model
are evaluated in simulation experiments in the following two sections. In section 2.3.4, the
ground sites will be analyzed individually to assess the errors resulting from the ground
measurements and heterogeneity of the satellite footprint.
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2.3.2 Error simulations

The simplification of the radiative transfer model into a single linear relationship (Eq. 2.7)
causes a difference in the retrieved Ts if the actual parameters deviate from the default
scenarios. Assuming that the Ts as derived from the radiative transfer model is the ’true’
temperature, the deviation from this value is regarded as an error. The potential size of
these errors is estimated for each input parameter individually. In Fig 2.5 to 2.7 the most
important parameters are tested for their influence on the deviation in Ts as compared to the
linear relation. In each figure the calibrated value of the evaluated parameter is indicated by
a vertical dotted line.

Fig 2.5a shows how Ts will be affected by soil moisture at different vegetation densities.
For a surface with dense vegetation (Γv = 0.2), the error as introduced by the soil moisture
conditions will not exceed 1.5 K. However, the soil moisture content becomes critical for a
vegetation transmissivity greater than 0.35. As the vegetation density decreases, the range
of Wc values that result in a bias within the acceptable limits decreases. At the same time,
the Wc that minimizes the bias, decreases from the default value of 25% at Γv = 0.2, to
21% for Γv = 0.35, to 15% for a sparsely vegetated surface with Γv = 0.5. Although the
error in the retrieved Ts over areas with low vegetation densities can be within the limits for
part of the year, it is likely that it exceeds the limit for some parts of the year. For this reason
applying the Ts retrieval to areas where the Γv is higher than 0.5 (corresponding to deserts)
should be done with caution because small variations in Wc will result in a high bias.

Also shown in Fig 2.5 are the effect on Ts of the single scattering albedo, roughness,
and wilting point at Γv = 0.2 and Γv = 0.5. The errors for the intermediate vegetation
value (Γv = 0.35) are not shown for these plots, but are understood to be in between
the given examples. The corresponding moisture value is chosen that minimizes the error,
respectively 25% and 15% (see Fig 2.5a). The single scattering albedo (Fig 2.5b) has a
strong effect on the error when the vegetation is dense. The roughness (Fig 2.5c) has a
much smaller effect and is not expected to result in errors of more than 1 K for vegetation
densities with Γv < 0.5. The texture, and in particular the wilting point, results in errors
similar to the roughness, although less linear (2.5d). It does not affect the TB,37V in the
most densely vegetated scenario, but for surfaces with less dense vegetation the error can
increase to 2 K for a silt loam at Γv = 0.5.

The same parameters are tested for a dry, bare surface (see Table 2.2). The effect of
soil moisture under these conditions is extremely strong (See 2.6a). Note that the axis in
this figure are ellongated. The moisture value with minimal error is now only 8% and the
moisture range with acceptable errors is minimal. The single scattering albedo (Fig 2.6b)
has now a week effect on the error because the vegetation is very sparse. The roughness
(Fig 2.6c) and texture (2.6d) have a strong effect in this scenario but are not expected to
result in errors of more than 3 K. The wilting point in particular will in general be low for
desert type scenarios.

Not all satellite radiometers have exactly the same frequency channel and incidence
angle within the Ka-band (see Fig 2.1). In the simulations an incidence angle of 55◦ is
used, but historically incidence angles between 50◦ and 55◦ have been used. For vegetated
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Figure 2.5: Deviations in Ts (∆T [K]) from vegetated configuration for selected parameters.
Vertical line indicates calibrated value.
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Figure 2.6: As Fig 2.5, for bare configuration.

surfaces this is not expected to make a significant impact, but for bare surfaces this results in
a maximum bias of -1 K at 50◦ (Fig 2.7a). The exact frequency of the Ka-band channel for
most radiometers has been 37.0 GHz, only for the latest AMSR-E instrument this channel
is at 36.5 GHz. This small difference is not expected to affect the results (Fig 2.7b), but it
can cause small differences in the atmospheric transmissivity.

Finally, open water will cause a negative bias in the retrieved temperature. Assuming
that the water has the same temperature as the land surface, the bias can be described as a
function of the fraction of open water (F ): (∆T = −0.72F ). This means that the bias will
exceed 3 K if the fraction of open water in the satellite footprint exceeds 4%. Therefore 4%
should be the maximum accepted fraction of open water when applying this method, but
preferably lower if a higher accuracy is required.

The conclusion of these simulations can be summarized as follows. For vegetated sur-
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Figure 2.7: As Fig 2.5, for frequency and incidence angle.

faces, the effect of soil parameters is muted if the vegetation dense (Γv ≤ 0.2). The ef-
fect of soil moisture becomes important for less dense vegetation, with errors of ±3K at
Γv = 0.35. The vegetation parameter single scattering albedo has the most effect on the
error, and is calibrated at ω = 0.06. This parameter is subsequently used as global constant.
At dry, almost bare surfaces, the effect of soil parameters is very strong and that of vegeta-
tion parameters is of course very small. Soil moisture has an extreme effect in this scenario.
The roughness parameter h and Q have a strong effect on the error too, and are calibrated
at h = 0.2 and Q = 0.2. These parameters are subsequently considered to be constant over
time, and over the globe.

2.3.3 Global error simulation

In actual applications of Eq. 2.7 on global Ka-band observations, some of the above men-
tioned error sources will cancel out each other. For example, vegetation density and soil
water content are generally speaking positively related. As was shown, the soil moisture
values that minimize the error are also positively related with vegetation density. This sec-
tion explores the bias associated with the use of Eq. 2.7 as opposed to the radiative transfer
model, and as a result of the main spatially varying parameters. For this purpose, the radia-
tive transfer model is applied to observed global input parameters and the resulting modelled
brightness temperatures are compared with Eq. 2.7. Observed brightness temperatures are
acquired from AQUA AMSR-E for July 1 and 2, 2004, for the ascending path with an equa-
tor crossing time of ∼ 1330 hours local time. In the radiative transfer model as described in
section 2.2.4 all error sources are either not related, or positively related with temperature.
It follows that these mid day values will give a high estimate of the expected bias, especially
for the northern hemisphere, where it is summer.

First, the atmospheric transmissivity is parameterized according to Choudhury et al.
(1992) using precipitable water and cloud optical thickness data from the International
Satellite Cloud Climatology Project (ISCCP: Rossow and Schiffer, 1991). The effective
air temperature is calculated as a direct function of surface temperature (Bevis et al., 1992).
Because of this simplification, possible errors due to asynchronous variations in the dif-
ference between surface and air temperature are avoided. Second, Ts is calculated from
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Table 2.3: Input parameters for the global simulations.

Input Standard deviation
Land surface temperature [K] Eq. 2.7 -
Water content [%] LPRM -
Soil type (Porosity and Wilting point) FAO -
Vegetation transmissivity [-] LPRM -
Precipitable water [mm] ISCCP -
Mean cloud optical thickness [-] ISCCP -
Roughness [-] 0.2 0.035
Cross polarization [-] 0.2 0.039
Single scattering albedo [-] 0.06 0.01

the observed TB,37V according to Eq. 2.7 (Fig. 2.8). Temperatures below freezing are
removed, as are grid cells with more than 4% open water. Third, the vegetation density is
parameterized by means of the Microwave Polarization Difference Index (MPDI) according
to Meesters et al. (2005). The MPDI is calculated from the Ka band brightness tempera-
tures:

MPDI =
TB,V − TB,H

TB,V + TB,H
(2.8)

The atmospheric effect on this MPDI value is removed to obtain the top of vegetation MPDI.
Finally, all of these input fields, together with TB,10 and FAO texture data (FAO, 2000) are
used to retrieve both the vegetation transmissivity (Fig. 2.9) and soil moisture with the Land
Parameter Retrieval Model (LPRM) (Owe et al., 2008). The LPRM soil moisture retrieval
does not yield moisture values when the vegetation is too dense. These areas, purple colored
in Fig 2.10, are assigned a soil moisture of Wc = 25%. This arbitrary value does not affect
the following discussion because the dense vegetation effectively blocks the emission from
the soil. Table 2.3 summarizes the input for this global simulation.

Values from these three global maps are then used to simulate the TB,37V according
to Eqs. 2.2-2.6. The difference between simulated and measured TB,37V is the error as
introduced by the simplification of the radiative transfer model to a single linear relationship
(Eq. 2.7). The error in brightness temperature is subsequently multiplied by the slope of the
linear relationship to yield the corresponding error in Ts.

Fig. 2.11 shows the global distribution of the bias in the retrieved Ts, due to spatial
variation in soil moisture, soil texture, vegetation density and atmospheric vapor content.
It can be seen that for large parts of the world this spatial variation in soil vegetation and
atmospheric variables will not result in large errors in Ts. This is because, for 53% of
the globe, the transmissivity is less than 0.35 and for 72% the Γv is less than 0.5. As was
discussed above, areas where Γv > 0.5 are expected to have a bias exceeding 3 K for at least
part of the year. Areas with low vegetation and saturated soil moisture conditions show a
high negative bias (see for example Canada). This negative bias is increased if there is some
open water in the pixel. Overall, for the land area with Γv < 0.5, 94% has a bias less than
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3 K. This fraction decreases to 87% for a bias of < 2K, and 69% for a bias < 1K.
The relationship between the land surface temperature bias and the vegetation transmis-

sivity is illustrated in Fig. 2.12 for the entire range of vegetation densities. Horizontal lines
indicate the 3 K limits, with 83 % of the data (including the desert areas) within these limits.
The data are also divided into three groups based on soil moisture content. The vertical line
indicates the vegetation transmissivity at which soil moisture becomes a critical factor in
the accuracy of the relationship for a 3 K limit. From this figure it can also be seen that for
the pixels with low vegetation density (Γv > 0.5) a large number of pixels is still within
acceptable limits. In these situations, the negative bias associated with the low vegetation
density is offset by a positive bias, for example due to a very low soil moisture content.
However, these same pixels will likely fall outside the limits for some of the year if the
moisture conditions change.

The parameters for roughness (h, Q), and the single scattering albedo are treated as
global constants. Errors due to possible variations in these parameters are evaluated in the
Monte Carlo simulation for the same data as described above. Global fields of roughness
(h, Q) and single scattering albedo are not available and are attributed random deviations
from a given mean. The estimated standard deviation associated with these parameters is
listed in Table 2.3. In the Monte Carlo simulation this is repeated 500 times, so that the
average of the deviations again approximates the standard deviation for each parameter. Fig
2.13 shows the result of 500 iterations of the Monte Carlo simulation. The histograms show
the distribution of the input parameters. The standard error of the resulting temperature
relationship is 1.9 K. The average regression is indicated by the solid black line, and the
standard error bounds by the dashed lines.

The conclusion from these global simulations is that for large parts of the Earth, the
surface conditions are such that the error associated with Eq. 2.7 is within acceptable limits.
Areas with unfavorable conditions have either 1) practically no vegetation, or 2) sparse
vegetation and almost saturated soil moisture conditions.

2.3.4 Ground Validation
Eq. 2.7 is validated by comparing temperature retrievals with ground observations of TLW

from the Fluxnet stations described earlier. The procedure for deriving TLW is outlined in
Section 2.2.2. Since Eq. 2.7 is based on data from most of these sites in the first place, we
cannot validate the absolute accuracy of this method. However, it is possible to determine
the precision of this method by looking at the standard error for each site individually.

The comparisons of the satellite derived Ts and TLW derived for the field site are shown
in Fig. 2.14 and summarized in Fig. 2.15. The field sites are separated into a group with low
vegetation and one with high vegetation. The low vegetation group consists of the grassland,
open shrubland and cropland sites. The high vegetation group includes all the forest sites
(see Table 2.1). For both groups, correlations are high, with a median of R2 = 0.9 for
the low vegetation group and R2 = 0.93 for the high vegetation group. The standard error
of estimate shows a clear differentiation between the two groups. For forests, the SEE is
between 1.5 and 2.5 K, with a median of 2.2 K. The low vegetation has SEE values between
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Figure 2.8: Land Surface Temperature [K], averaged for 1 and 2 July 2005.

Figure 2.9: Vegetation transmissivity at 37 GHz, averaged for 1 and 2 July 2005.
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Figure 2.10: Soil moisture from LPRM-X, averaged for 1 and 2 July 2005. High vegetation
densities (H) are masked.

Figure 2.11: Bias (∆T (Eq. 2.7 - Eq. 2.2)), averaged for 1 and 2 July 2005.
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Figure 2.12: Scatter diagram of the vegetation transmissivity against the bias (∆T [K]),
together with the associated histograms for both variables. In red are the values with Wc <
15%, in black are values with Wc > 35%, and green are intermediate moisture values.

Figure 2.13: Simulated TB,37V according to Eq. 2.2 for the globe.
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Figure 2.14: Satellite derived Ts is compared to ground measurements of TLW for 17 loca-
tions during 2005. The letters above each plot refer to the site ID’s in Table 2.1.
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2.3 and 4.5 K, with a median of 3.5 K. A factor that might explain some of the difference in
performance between the low and high vegetation sites, is the seasonality in the long wave
emissivity as observed in the low vegetation sites (see Fig 2.3). The emissivity through the
year at these sites is affected by the growing season of the vegetation. For this analysis, a
constant ε is used for the entire year. On the whole, these results indicate that Ts can be
derived with a precision of 3.5 K for low vegetation and 2.2 K for forests.

Because of the inherent difficulties of comparing satellite data representing footprints
of 25 × 25 km to single point observations, it is difficult to use this analysis to further
constrain the accuracy as determined from the simulations. This is because the temperature
at the ground site is not necessarily a good representation for the satellite footprint. If the
vegetation density at the ground site is low, but the satellite footprint contains some forest,
the temperature cycles (diurnal and seasonal) will likely be more pronounced at the field
site. As a result, the slope of the regression will be above unity (e.g. site A). The opposite
will happen if the ground site is located in a forest and the satellite footprint also contains
less dense vegetation. This can result in a corresponding slope of below unity (e.g. site Q).
The box plot of the slope of the regression lines shows that both these effects happen within
the selected field sites (see Fig 2.15). The slope for the low vegetation sites is between 1
and 1.37, and for the high vegetation between 0.74 and 1.04. This means a large part of the
variation in the slopes of the observed regression lines can be explained by heterogeneity
in the satellite foot print and does not reflect an error in the satellite temperature. Another
example of a point-to-pixel effect happens when there is a high amount of open water in the
satellite foot print. This causes a large negative bias in the satellite derived temperature, and
as a result the offset of the regression is too high (e.g. site F). This effect does reflect an
error in the satellite temperature and should be avoided by applying a strict mask for open
water.

With this simple method to obtain Ts from TB,37V it is possible to observe the diurnal
temperature variation, using multiple satellites. This is shown in Fig. 2.16 for the first two
weeks of June, 2006, for the forest site in North Carolina, USA (site P). The satellites de-
scribe the diurnal cycle of the ground measurements very well. Only at one instance, at the
7th of June, precipitation causes a serious negative error. After removing the observations
that occur during rainfall, the RMS error between satellite and ground observations is 1.4
K, with a correlation of R2 = 0.94. Fig. 2.17 shows a second example for two weeks of
June, 2006, this time for the grassland site in Montana, USA (site B). Again at one instance,
at the 6th of June, precipitation causes a negative error. Although the analysis of the full
year of data showed this site performing worse than the North Carolina site, this two week
period still shows a reasonably good RMS error between satellite and ground observations
of 2.1 K, and a correlation of R2 = 0.90.

2.4 Discussion and Conclusion

The Ka-band vertical polarized passive microwave channel has a strong and linear rela-
tionship with the physical land surface temperature. It is shown that with a simple linear
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Figure 2.15: Satellite derived Ts is compared to ground measurements of TLW for 17 lo-
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Figure 2.16: Diurnal temperature cycles as measured at a field site in North Carolina, USA,
and observed by satellites.

relationship the Ts can be obtained for non frozen land surfaces and areas with little or no
open water (< 5%). The bias of the Ts is estimated to be within 1 K for 60 % of the remain-
ing land surface. This fraction increases to 69 % if deserts are excluded. This is without any
correction factors, and fully preserving the original observed signal. This Ts represents the
area weighted average of the land covers in the sensors view and can therefore best be com-
pared to the long wave temperature and not with a soil or vegetation temperature at a fixed
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Figure 2.17: Diurnal temperature cycles as measured at a field site in Montana, USA, and
observed by satellites.

depth. A comparison of the retrieved temperature with ground observations of longwave
temperature yielded a SEE of ∼ 3.5 K for low vegetation and ∼ 2.5 for forest, individually
for each site. These errors result from: 1) the precision of the microwave sensor (0.6 K for
AMSR-E); 2) a temporal change in the bias as introduced by the model and when the sur-
face characteristics change; 3) a temporal change in heterogeneity effects of the site versus
the pixel and; 4) precision of the long wave measurements. The last two points are purely
caused by the validation method, and do not reflect an actual error with the area averaged
temperature. For this reason, the SEE values are expected to represent an upper limit for the
precision of the retrieved land surface temperature. If this method is applied to all available
vertically polarized 37 GHz observations, a 30 year record of land surface temperature can
be obtained. For much of these years this set would include several observations per day.
Complicating the interpretation of such a long term dataset would be the different overpass
hours for each satellite and possibly orbital decay.

For periods with multiple observations per day it is shown that the diurnal temperature
cycle can be approximated from remote sensing data with a surprisingly high precision.
Because the partitioning of the surface energy balance is strongly related to surface tem-
perature, the amplitude of the diurnal temperature variation can be of value for studies of
latent and sensible heat fluxes at a global scale. Since such studies make use of temperature
differences, the possible bias in the observations is less of a problem.
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Chapter 3

Estimating the Soil Temperature
Profile from a Single Depth
Observation

3.1 Introduction
Soil temperature is an important parameter in energy balance applications such as land sur-
face modeling, numerical weather forecasting, and climate prediction. It is also important
in radiative transfer applications, such as in the retrieval of land surface properties with
satellite sensors, and especially in the retrieval of surface soil moisture with microwave
sensors. Unlike other hydrometeorological parameters such as air temperature and precipi-
tation, soil temperature is rarely measured on a regular basis at meteorological and climate
stations. Although some long-term measuring stations have been established (e.g. the Nat-
ural Resources Conservation Service Soil Climate Analysis Network), most historical soil
temperature data bases have been compiled from various field experiments, which are usu-
ally limited in both temporal and spatial coverage. Furthermore, the depth at which soil
temperature is collected typically varies according to the specific application for which the
measurement campaign was designed.

Space-based remote sensing offers potentially the greatest single contribution to large-
scale monitoring of the Earth’s surface. If properly utilized, satellite systems can offer the
spatial, temporal, and spectral resolution necessary for consistent and continuous coverage
of the whole Earth environment and its surrounding atmosphere. Remote sensing technol-

This chapter was published as: T.R.H. Holmes, M. Owe, R.A.M. de Jeu and H. Kooi, (2008). Estimating
the Soil Temperature Profile from a single Depth Observation: A simple Empirical Heatflow Solution, Water
Resources Research, Volume 44, doi:10.1029/2007WR005994.
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ogy is central to the integration of the many interrelated but highly variable point scale phe-
nomena to more useful, regionally-oriented land surface processes. Land surface tempera-
ture may be derived by several remote sensing methods, including infrared and microwave
techniques. While these techniques have shown to provide relatively accurate estimates, the
measurements represent the temperature only at the very near surface. However, soil tem-
perature gradients may be especially steep near the surface, and reasonable approximations
of the near-surface temperature profile are important for a variety of modeling applications.
Unfortunately, many of the parameterizations required in the application of more complex
heat flow models are not available at global scales, and less complex approaches are often
appropriate.

Many models have been developed to extend limited temperature data (Van Wijk and
de Vries, 1963; Camillo, 1989; Cuaraglia et al., 2001; Elias et al., 2004). When properly
implemented, these models can be used to extrapolate soil profile temperatures with rea-
sonable accuracy from a single subsurface measurement. Van Wijk and de Vries (1963)
fitted sine waves with diurnal and seasonal periods to the observed temperature cycles at
two depths. The amplitude of these temperature oscillations decreases exponentially with
depth. Others have built on Van Wijk’s Fourier series to broaden the scope of that model.
Camillo (1989) combined the Fourier series with a simple model of time dependent surface
soil heat flux. This model was fitted to observations to derive five model parameters, but this
makes it difficult to apply on a broader scale. More recently, Elias et al. (2004) improved on
the Van Wijk model by introducing a correction for the temporal variation of daily ampli-
tude. This addition makes the model better suited for inter-seasonal timescales. A different
approach was used by Cuaraglia et al. (2001), who used electrical modeling to predict tem-
perature and heat flow at one depth from solar radiation. However, it has been observed that
many of these models tend to break down under certain environmental conditions, espe-
cially during midday periods, when incoming radiation is at a peak. The standard solutions
to the heat flow equations are frequently unable to describe the temperature fluctuations to
an acceptable accuracy, especially when either the input observation or the calculated value
is at or near the surface. The near-surface energy balance is not well described in the above
mentioned models, causing significant systematic errors in the temperature calculations.

A simple, physically-based model that can calculate relatively accurate near-surface
(∼ 05cm) soil temperature profiles from a single observation can be a useful tool for
many environmental modeling applications. Satellite sensor systems such as AMSR-E,
MODIS, ENVISAT-AATSR, TRMM-TMI, and SSM/I, provide spatially distributed land
surface temperature products over most of the Earth. This study proposes an approach to
model nearsurface soil temperature profiles in a bare soil, using only a single temperature
measurement, net radiation, and an estimate of the soil moisture content. Two experimental
datasets with near-surface temperature measurements within the first centimeter of the soil
were used in developing this model. Temperature profiles derived by applying this model
to various satellite products may be an important contribution to global energy and water
balance studies.
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3.2 Background and Theory
Temperature changes in the soil are essentially driven by the radiative balance, the sum of
net short wave solar radiation and net long wave thermal radiation directed towards the soil
surface. This net radiation flux is distributed over 1) sensible heat from the surface into the
air that is driven by the advection of turbulent air above the surface, 2) latent heat when it is
used to vaporize water and finally 3) the ground heat flux, the conduction of heat vertically
through the soil column itself. Continuity of the energy fluxes across the surface is given
by:

RN = H + LE + G (3.1)

where RN is the net radiation, H is the sensible heat flux, LE is the latent heat flux, and
G is the soil heat flux. All components are given in W/m2, RN and G are positive when
directed downward, and H and LE negative. It is important to note that in Equation 3.1,
RN , LE, and H refer to quantities at the upper (air) side of the airground interface, and
that they are non-existent or zero at its lower (ground) side. The opposite is true for G.
Moreover, energy storage in ”the surface” is assumed absent. For a true surface in the
mathematical sense, that is, a layer of zero thickness, the latter requirement is definitely met
and Equation 3.1 should conveniently describe G at infinitely small distance below the air-
ground interface. Here, we use a different perspective, considering that latent and to a lesser
extent also sensible heat fluxes may decrease to zero over a small but finite distance below
the land surface. In this approach, G in Equation 3.1refers to the ground heat flux density
at the depth a[m] below the surface where these fluxes have become negligible. Note that
we further must assume that energy storage in the layer to be small in comparison with the
fluxes, which is reasonable as long as the layer thickness is small. Our approach can be
expressed mathematically by rewriting Equation 3.1 as follows

RN =
∫ a

0

h(z)δz +
∫ a

0

le(z)δz + G(a) (3.2)

where h(z) and le(z) denote sensible and latent heat production, respectively, in W/m3.
Applying energy balance principles to layers extending from the ground surface to any
depth within this boundary zone (that is, z < a) yields a more general expression

RN =
∫ z

0

h(z′)δz′ +
∫ z

0

le(z′)δz′ + G(z) (3.3)

Equation 3.3 suggests that within the boundary zone, G is only controlled by latent and
sensible heat production above the depth of interest. Hence, in the limit, at an infinitely small
depth beneath a bare surface, above which no soil air can be exchanged with the atmosphere
and no water is present to change phase, soil heat flux may be readily approximated to be
equal to net radiation. The relative distribution of the flux rates within the soil is largely
determined by the physical properties of the soil medium, e.g. soil particle density, porosity,
and especially soil moisture content. The soil column that is influenced by the advective loss
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of heat through H is assumed to be very shallow, on the order of 1 or 2 millimeters. On
the other hand, the depth up to which the soil column is influenced by LE can be much
deeper, and can easily extend to 5 cm below the surface for dry soils. Some authors report
significant contribution of LE in soil layers at depths of 7 to 10cm (Cahill and Parlange,
1998).

This brings the process of LE generation well into the domain of the soil column that
we are interested in when we try to describe differences in temperature at depths between 0
and 5 cm. In this boundary zone where evaporation takes place (but no sensible heat loss to
the air), the change in temperature T [K] over time t [s] can be described as:

∂T

∂t
=

∂

∂z
K

∂T

∂z
+ Er(z)

ρlwL

(ρc)bulk
for z < a (3.4)

The first term on the right-hand side is due to Fourier heat conduction with the thermal
diffusivity K [m2/s] and depth z [m] (positive downwards). The second term describes
the latent energy loss at source (le in Equation 3.3), with the evaporation rate Er(z) [1/s],
the density of liquid water ρlw [kg/m3] times the latent heat of vaporization L [J/kg]
and divided by the bulk heat capacity (ρc)bulk [J/m3/K] of the soil/water mixture. This
formula assumes that the energy leaves the soil profile at the point where it is used to change
the phase of water. The process of condensation of water is included in Er(z) as a negative
evaporation rate. We do not consider the heat that is transported with moisture, nor re-
condensation in the soil of vaporized water at a different depth.

At depth α below the surface, also the evaporation rate Er becomes zero and the heat is
distributed only by means of conduction. Below this depth, the change in temperature over
a given interval is governed only by heat conduction. Equation 3.4 can now be simplified
to:

∂T

∂t
=

∂

∂z
K

∂T

∂z
for z ≥ α (3.5)

In many empirical approaches to numerical modeling of the soil temperature profile,
latent heat loss below the surface is not considered. These approaches are based on Equation
3.5, and have proven to work well for deeper soil layers. An early example of such a method,
and the basis for many later methods, is the solution to the heat flow equations developed
by Van Wijk and de Vries (1963).

Van Wijk and de Vries (1963) describe the diurnal and seasonal variations in soil tem-
perature by sine waves, varying around an average temperature, Ta [K]. Ta is considered
constant with depth, due to the assumption of heat conservation. Under normal conditions,
the amplitude of the temperature wave is at a maximum at the soil surface and decreases
with depth. The maximum temperature also occurs shortly after solar noon at the surface,
but lags in time with increasing depth. Based on these assumptions, the solution to the heat
flow equations for the diurnal cycle is given as (Van Wijk and de Vries, 1963)

T (z, t) = Ta + Ae(−z/D)sin(ωt− z/D + ϕ) (3.6)

D =
√

2K/ω (3.7)

32



3.3. Field Observations

ω = 2π/τ (3.8)

where A [K] is the amplitude of the daily surface temperature fluctuations, t [s] is the time,
and ϕ is a phase constant. The damping depth, D [m], is the depth at which the amplitude
of surface temperature oscillations is reduced by e−1 and is described by Equation 3.7.
The thermal diffusivity (K) is assumed to be constant with depth and time. Finally, the
angular frequency ω [1/s], is given as a function of the period of the wave τ [s]. The same
approach can be applied to the seasonal temperature cycle in the soil, but for shallow depths
(z < 10cm) the seasonal oscillations are insignificant compared to the diurnal oscillations.

3.3 Field Observations

Soil temperature, soil moisture, ground heat flux, and radiation measurements from two
experimental field studies were used in this study. The first data set is from the U.S. Depart-
ment of Agriculture Water Conservation Laboratory in Phoenix, Arizona. These data were
collected during a three-week dry-down experiment on a loam soil in 1971 (Jackson, 1973;
Idso et al., 1975). The second data set was obtained during an 8 month field experiment
conducted on a clay soil at the Wageningen Agricultural University meteorological station
in Wageningen, The Netherlands (De Jeu et al., 2003), www.met.wau.nl. Both experiments
measured soil temperature and moisture at multiple points within the surface profile, with
the shallowest near-surface observation within the first centimeter. Measurements were
made at 30 minute intervals in each case. This data was supplemented with net radiation
and ground heat flux measurements. At the Phoenix site the ground heat flux was measured
at 5 cm depth, at the Wageningen site at 2 cm depth. The Phoenix dataset has a higher verti-
cal resolution of temperature and moisture measurements than the Wageningen dataset, and
therefore it was chosen as the calibration dataset. The Wageningen data is used to validate
the models performance under somewhat different soil and environmental conditions.

3.4 Modelling Approach

First we test if the commonly used solutions to conductive heatflow can be applied to tem-
perature oscillations within the first centimeters of the soil column. For this Model A we
implement the Van Wijk solutions to the heatflow equations as described in Section 3.2.
We will show where this model breaks down, and explore what the underlying assumptions
imply for the ground flux profile. Based on these results, a new Model B is proposed, that
is specifically designed for the energy transition zone. The performance of this model is
tested and compared with Model A. Finally, implementation of Model B for remote sensing
applications is discussed.
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3.4.1 Model A
Methods

The Van Wijk heatflow equations (Equation 3.6-3.8) can be used to model soil temperature
at a depth z1, from a temperature measured at a depth z0 and time t0. From temperature
observations with a temporal resolution of 30 minutes, the 24 hour moving average tem-
perature Tam is calculated. The diurnal temperature departures from the moving average,
∂TD(z0, t0), described by the sine function in Equation 3.6 is then given by

∂TD(z0, t0) = T (z0, t0)− Tam (3.9)

The temperature at depth z1 can now be modeled by correcting the ∂TD(z0, t0) for the
exponential change in amplitude with depth:

T (z1, t1) = Tam + ∂TD(z0, t0)e
z0−z1
D(t0) (3.10)

Because of the phase shift of the diurnal temperature cycle between two depths, this
model does not calculate the temperature for the same time, t0, as the initial observation.
The time, t1, is subsequently given by

t1 = t0 − z0 − z1

D(t0)/ω
(3.11)

This means that t1 is earlier than t0 if z1 < z0, and later if z1 > z0. However, if the temporal
resolution of the measurements is at least one hour, then the calculated temperature can be
interpolated accurately at the original observation time.

The damping depth, D(t0), is calculated according to Equation 3.7. The diffusivity, K,
is calculated from soil properties and the water content θ (Johansen, 1975; Peters-Lidard
et al., 1998). This makes the damping depth variable with time (and depth if profile data
is available). Ideally, water content should be available at several depths within the first
centimeters, so that the soil moisture profile is sufficiently represented. When soil moisture
profile data is lacking, it is important that the average soil moisture is reasonably approxi-
mated. In this study, the observed soil moisture profile was used to calculate the diffusivity
for each layer with temperature measurements.

Results

The Phoenix data set has a relatively dense vertical network of moisture and temperature
measurements in the surface profile, and is used to test Model A. Model simulations were
performed for 0100 hours and 1300 hours, as these time periods represent two widely dif-
fering conditions; a relatively uniform temperature profile and a warming profile during the
period of near-peak solar radiation. Soil moisture profiles for these time periods are also
provided to assist in the interpretation of the results (Figure 3.1a). While some drying is
observed in the upper profile during the day, the moisture profiles are essentially the same
below 2 cm. The simulated temperature profiles are derived from 8 cm input temperature
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Figure 3.1: (a) Measured soil moisture profiles at 0100 hours (x) and 1300 hours (•), and
(b) measured and modeled temperature profiles from the Phoenix field data. Modeled tem-
perature profiles (heavy lines) according to Model A, are derived from 8 cm observations.

observations and compared to the measured values (Figure 3.1b). Model simulations for
the nighttime data are seen to correspond well with the observations over the entire pro-
file. However, model simulations during midday clearly underestimate the observations.
Although the simulations compare reasonably well to observations within the first several
cm of the input value, the difference becomes increasingly larger as one approaches the soil
surface.

These results are further supported when we examine several four day time series of
diurnal temperature measurements and simulations at different depths (Figure 3.2). Each
plot shows an input temperature, modeled temperature, and the observation at the modeled
depth. Results of upward model simulations (where z0 = 8cm and z1 = 5cm) and down-
ward simulations (where z0 = 5cm and z1 = 8cm) are illustrated (Figures 3.2a and 3.2b).
These time series simulations compare well with observations during the four-day period.
RMS errors of 0.6 K and 0.5 K were found for the full diurnal 14-day period, with the
RMS errors for the time of greatest daily deviation ( 1300 hours) only marginally higher.
However, model simulations from 5 cm to 0.1 cm and 0.1 cm to 5 cm (Figures 3.2c and
3.2d) illustrate conditions which result in a breakdown in model performance. In the up-
ward simulation, the modeled temperature underestimates the observation by as much as
10 K during midday, while in the downward simulation the modeled temperature overesti-
mates by as much as 6 K. RMS errors for the full diurnal 14-day period are 3.8 K and 2.5 K
respectively, while the RMS errors for the simulations at 1300 hours are 7.9 K and 4.2 K.

Discussion

The above analysis shows that Model A works reasonably well when both the input and
modeled temperature depths are well below the surface (Figures 3.2a and 3.2c). How-
ever, when the input or output depths are near the surface (Figures 3.2c and 3.2d), large
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Figure 3.2: Time series of measured and simulated soil temperatures for four days in March
from the Phoenix field data. The solid lines illustrate the modeled temperature according to
Model A, the dotted lines show the observed input temperatures, while dashed lines show
the observed temperature at the output depth.

discrepancies between measured and modeled temperatures are observed during peak radi-
ation periods, and the measured near-surface temperatures deviate from a harmonic surface
temperature forcing. The measured temperatures also show a difference between the daily
averages at the various temperature depths between 0 and 5cm. Incoming radiation dur-
ing peak mid-day periods, often exceeds the soil’s ability to transport heat away from the
surface. As a result, the surface layers will subsequently experience an unusually high but
temporary increase in temperature.

Model A is a simple implementation of Van Wijks solutions to the heatflow equations.
Damping and phase shifts with higher harmonics than the daily cycle are not accounted for.
This could be improved for shallow depths by adding harmonics that account for higher
frequency signals. However, this would not affect the daily averages, and therefore can not
describe the measured temperature time series. These results show that conduction theory is
not sufficient in the shallow soil layer and points at the presence of a net heat sink between
measurement depths during the observation period.
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Figure 3.3: Calculated ground heat flux profiles from measured temperatures gradients at
0100 hours (x) and 1300 hours (•) from the Phoenix field data according to Equation 12. The
ground heat flux profiles based on Equation 13 (GWB) are shown as heavy lines. Measured
RN (at 0cm) and G(5cm) are indicated by ’3’ and ’o’ for day and night respectively.

3.4.2 Ground Heat Flux
In order to properly describe the temperature changes in the near surface soil layer, one must
account for the redistribution of fluxes in the soil, as described by Equation 3.4. First we
will test the assumption that G approaches RN at the soil surface. The ground heat flux can
be calculated between every two consecutive soil temperature values in the vertical profile
according to Fouriers Law:

G(z) = −λ(z)
∂T

∂z
(3.12)

where λ [W/m/K] is the soil thermal conductivity. The conductivity is calculated with
uniform soil properties and profile soil moisture content. The steep temperature gradient
observed during the day corresponds to an equally strong gradient in G (Figure 3.3). When
calculating G across small intervals, it is important to record the depths, and consequently
dz, with maximum accuracy. It is extremely difficult to maintain constant and accurate
instrument depths, especially near the soil surface. This becomes even more problematic
when the dimensions of the individual sensor exceed the depth interval between sensors. A
difference in the recorded depth of one of the temperature measurements by as little as one
millimeter can result in a significant change in the calculated soil heat flux. This, in part,
results in the apparent erratic behavior of ground heat flux close to the surface. However, in
this paper we hold to the data and recorded depths as originally reported.

Also included in Figure 3.3 are the measured net radiation, shown at 0 cm, and the mea-
sured ground heat flux at 5 cm depth, indicated by ’3’ during the day and ’o’ at night. In
this example, the measured G(5cm) underestimates the G as calculated with the gradient
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method. This is the case for half of the days of the Phoenix experiment. More importantly, it
is shown that G approaches RN close to the surface. Due to the uncertainty in the recording
depths, it is difficult to know what shape the G profile really has close to the surface. How-
ever, it is clear that the ground flux density approaches the RN , as predicted from theory.
This was found to be the case for every day of the Phoenix experiment, and in general for
the Wageningen dataset as well.

Wang and Bras (1999) describe a method to obtain the soil heat flux, GWB at any depth
from a time series of soil temperature at the same depth. This method is based on Equation
3.5, and like the Van Wijk approach does not account for possible heat sources or sinks in
the soil itself. It states that

GWB(z) =

√
λCs

π

∫ t

0

∂T (s)√
t− s

(3.13)

where Cs [J/m3/K] is the heat capacity of the soil material and s [s] is the integration
variable. Equation 3.13 does not require specific constrains regarding the temperature time
series that is used. Figure 3.3 shows that GWB is very different than the G as calculated with
Equation 3.12. In general GWB has a relatively uniform profile during the day and night.
GWB correctly describes the G(5cm), as measured by heat flux plates. Below 4cm during
the day, and 3cm during the night, both G profiles are uniform, although the magnitude
of the fluxes is not the same. This is in accordance with Cahill and Parlange (1998), who
report a significant contribution (40-60%) to the total heat flux by the vapour flux as low
as 7-10 cm, a process not accounted for in Equation 3.13. Furthermore, GWB increasingly
underestimates the ground heat flux closer to the surface during the day, and overestimates
the ground heat flux during the night. A similar result is found when the gradient method
is applied to the temperature series derived from Model A (not shown). These results are
consistent with the previous discussion, where it was stated that the underlying assumptions
of the Van Wijk model, and by extension the Wang and Bras method as well, implicitly
result in an underestimation of the gradient in ground heat flux density near the surface.

The strong gradient in ground flux density near the surface, and the inability to describe
this with pure conductive processes gives evidence of heat sources and sinks below the
surface. Secondly, it is shown that indeed the ground flux density approaches RN at the
surface. Both these observations suggest the possibility of modeling the ground heat flux
profile in the energy transition zone based only on the net radiation, estimated soil moisture,
and an estimate of the ground heat flux at 5 cm. This is explored further in the next section.

3.4.3 Model B

As shown previously, Model A is not able to describe the near surface temperature fluctu-
ations during periods of high incoming radiation. Another drawback in applying Model A
is the need for a sufficient number of consecutive temperature measurements that typically
are not available at satellite temporal scales. For these reasons a new approach is proposed
that is better able to describe the near surface temperatures. The first step consists of gener-
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alizing the shape of the instantaneous ground heat flux profile relative to net radiation and
the ground heat flux at 5 cm.

In the second step, this modeled ground flux profile is used together with the mois-
ture content of the profile to extrapolate the temperature from a single observation depth
to a complete surface temperature profile. Because the instantaneous ground heat flux is
modeled, no phase correction is needed, making this approach ideally suited for satellite
applications that have limited temporal resolution.

Method

As described in the previous section, the ground heat flux can be calculated between any
two temperature measurements in the vertical profile. From the temperature observations
from both the Phoenix and Wageningen field experiments it was found that the shape of the
ground heat flux profile can be generalized relative to RN and an estimated ground heat flux
at 5 cm during the day. From theory and field data we know that G approaches RN at the
surface and that below a certain depth, G continues to decrease only slowly with depth (see
Figure 3.3 day). If the loss terms LE and H are distributed over the energy transition zone
in a bell shaped form (a sine function from 0 to π), then the shape of the flux density, S(z),
is the derivative of the loss function, a cosine function with the opposite sign. Choosing the
parameters so that S = 1 at the surface and S = 0 at z = α, the shape of the ground heat
flux profile can be described as:

S(z) = 0.5cos
(
π

z

α

)
+ 0.5 (3.14)

where α is the lower boundary depth of the energy transition zone, defined as the depth up
to which partitioning of energy takes place over H , LE and G. The depth α is strongly
related to the moisture content, and in our data sets, values of a are found between 2 and 5
cm. The ground heat flux can then be expressed as:

G(z) = RN (β + (1− β)S) for daytime (3.15)

where β is the ratio of G(5cm)/RN during the day. If the ratio G(5cm)/RN is unknown,
it can be estimated at approximately 0.25. This is slightly less than the average value for
the entire day of 0.3 as found in the literature (Fuchs, 1972; Idso et al., 1975; Kustas and
Daughtry, 1990), where the ground heat flux was measured at shallower depths.

At night, the soil surface loses heat to the atmosphere instead of gaining heat from
incoming radiation. The RN at night does not drive the ground heat flux, but rather is a
result of it. Also different processes, such as dew, come into play at night. It is therefore not
surprising that the G profile has a different relation with RN at night. This is shown for the
Phoenix field data (see Figure 3.3 night), where it was found that the nighttime G profile
starts at approximately 1.5 times the RN at the surface to approximately equal to the RN at
a depth of z = α:

G(z) = RN (1 + 0.5S(z)) for nighttime (3.16)
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Because the nighttime fluxes are generally lower, the temperature model is less sensitive to
the precise shape of the nighttime ground heat flux profile.

With G now approximated, the temperature difference over a soil layer with thickness
∂z can then be calculated by inverting Equation 3.12, such that

∂T = G(z)∂z/λ (3.17)

The thermal conductivity is a function of soil moisture content, and therefore this step is
highly dependant on the moisture profile of the soil column.

Calibration

The depth, α, is dependent on moisture content because it determines the availability of
water for evaporation. When the soil moisture content is high, the available energy for
evaporation will leave the soil in a relatively shallow soil layer and a will be small. In a
soil with dry upper layers, evaporation will take place at lower depths where moisture is
available, resulting in a thicker energy transition zone (higher α).

The relationship of α with moisture content is derived from the Phoenix data. The steps
for this procedure are outlined in Figure 3.4. From the measured temperature profile (Figure
4a) we calculate the ground heat flux profile (Figure 3.4b). Observed values for RN (shown
at 0cm), and G(5cm) are indicated with a diamond (1300 hours) and a circle (0100 hours).
Next, we model the G profile using observed RN and G(5cm) with Eqs. 3.14 through 3.16
(see Figure 3.4c). We then recalculate the temperature profile, based on the temperature at
5 cm and the modeled G profile according to Equation 3.17 (Figure 3.4d).

The depth α is optimized to yield the lowest RMS error for the modeled temperature
profile. While the optimized G-profile compares only loosely to the calculated profile (Fig-
ure 3.4c), much of the difference between the two can be accounted for by small variations
in the recorded depths, as discussed earlier in Section 4.2. Another possible uncertainty
may be in the accuracy of the G(5cm) measurement and its recorded depth. Nevertheless,
the corresponding temperature profile compares well to the measured profile, with an RMS
error of 1.2 K (Figure 3.4d).

The above procedure was repeated for each measurement day, in order to derive values
of α for all available soil moisture conditions. Figure 3.5 shows how these optimized values
relate to the soil moisture content (θ) at 0.25cm. The 0.25cm depth was chosen because a
showed the highest sensitivity to moisture content at this depth. The relationship between α
[cm] and moisture content [m3/m3] may be described as:

α =

{
4.3− 7.2θ if θ ≥ 0.04,
4.0 if θ < 0.04.

(3.18)

When the soil is very dry (θ < 0.04m3/m3), the latent heat flux component is extremely
small, and results in a large scatter in the thickness of the energy transition zone (α). For
these conditions we set α to 4cm. When this relationship is applied to soil moisture depths

40



3.4. Modelling Approach

275 280 285 290 295 300 305 310

0

1

2

3

4

5

(a)

DAY

NIGHT

T [K]

z 
[c

m
]

−200 −100 0 100 200 300 400 500

0

1

2

3

4

5

(b)

G [W m−2]

z 
[c

m
]

−200 −100 0 100 200 300 400 500

0

1

2

3

4

5

(c)

G [W m−2]

z 
[c

m
]

275 280 285 290 295 300 305 310

0

1

2

3

4

5

(d)

T [K]

z 
[c

m
]

Figure 3.4: (a) Measured temperature profiles from the Phoenix field data, at 0100 (x) and
1300 () hours; (b) Ground heat flux profile as calculated from the observed temperature
profiles as shown in (a); Measured RN and G(5cm) are indicated by ’3’ and ’o’ for day
and night respectively. (c) Modeled ground heat flux profile (heavy lines), compared with
G profile derived from temperature observations. (d) Modeled temperature profiles (heavy
lines) derived from the modeled G profiles, and compared with observations.
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Figure 3.5: Optimized values of α for each day of the Phoenix experiment, as a function of
the 1300 hour soil water content at 0.25cm.
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Figure 3.6: Fourday time series of measured and simulated soil temperatures from the
Phoenix field experiment. The solid lines indicate the modeled temperature according to
Model B; the dotted lines show the measured input temperatures; dashed lines show the
measured temperature at the output depth.

other then 0.25cm, best results are expected for soil moisture records within the first cen-
timeter of the soil.

Results

The above approach is applied to the Phoenix field data for the same period illustrated
previously in Section 3.4.1. For this simulation the calibrated value of α, and the average
value of β are used for the entire 14-day experimental period. Results of upward model
simulations (where z0 = 5cm and z1 = 0.1cm) and downward simulations (where z0 =
0.1cm and z1 = 5cm) are illustrated (Figures 3.6a and 3.6b). These simulations result in
RMS errors of 1.5 K for the full period, which is a significant improvement over the Model
A. Likewise, the errors at the time of greatest daily deviation are reduced to 2.1 K.

The performance of Model B is compared to Model A by calculating the errors between
measured and simulated temperatures at all modeled depths for which data is available.
The output temperatures are modeled with input temperatures of 5 cm (upward modeling)
and 0.5 cm (downward modeling). Upward simulations show similar error profiles for both
approaches up to about 2 cm with maximum errors of 0.9 K (Figure 3.7a). Above 2 cm,
however, the error profiles diverge considerably, with errors at 0.5 cm of 3.4 K for Model A
and 1.6 K for Model B. In the downward simulations (Figure 3.7b), both models show low
errors of 0.5 K to 1.0 K at 1 cm. However, Model B errors increase only slightly with depth
and are still only 1.6 K at 5 cm, while Model A errors increase more rapidly to a maximum
of 2.4 K at 2 cm and remain above 2.2 K down to 5.0 cm.

42



3.5. Model Validation

0 1 2 3 4

0

1

2

3

4

5

D
ep

th
 [c

m
]

RMS error [K]

(a) Upwards

 

 

Model A
Model B
Input Depth

0 1 2 3 4

0

1

2

3

4

5

D
ep

th
 [c

m
]

RMS error [K]

(b) Downwards

Figure 3.7: Error profiles comparing performance of models A and B in both upward (z1 =
5cm) and downward (z1 = 0.5) directions.

3.5 Model Validation

Model validation is performed with the independent Wageningen data set described in Sec-
tion 3.3. Eight 5-7 day periods are selected with little or no clouds and precipitation, rep-
resenting a range of soil moisture contents. In the validation of Model B, the relationship
as derived earlier for the a parameter (Equation 3.18) was used. For the β ratio, the period
average 1300 hour value of the G(2cm)/RN measurement is used, and varies between 0.25
and 0.35 over the 8 month experimental period. This compares to the Phoenix average value
of β = 0.23.

Table 3.1 shows the eight selected periods, with average water content, β ratio, surface
sensor depth, and RMS errors for models A and B. Model A again performs poorly with
RMS errors for the period from 1.8 to 7.8 K, with highest values for the driest periods.
Model B performs much better with RMS errors for the period in a more acceptable range
from 1.0 to 2.6 K. Highest RMS values are again associated with the driest periods. The
most significant improvement in model performance is also seen in the dry periods.

The diurnal time series for a wet five day period in May and a dry seven day period in
July/August are illustrated in Figure 3.8 for the 5 cm to 0.5 cm and 0.1 cm simulations. Both
wet and dry time series of modeled temperatures are shown with both the input observations
as well as observations at the modeled depth. The RMS error for the full wet period is 1.0
K and for the dry period 2.1 K. The RMS errors for the time of greatest daily deviation are
also low with 0.8 K for the wet period and 3.0 K for the dry period. These results give
confidence that the new model has validity in a different soil and for a time period that
covers meteorological conditions differing from a wet spring to a dry summer and fall.
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Table 3.1: Results for selected periods of the 2003 Wageningen field experiment. The RMS
error between the measured surface temperature and the modeled value for Model A and
B are shown, for both the entire period and for the 1300 hour value. Bold periods are
illustrated in Figure 3.8.

Surface RMS Errors [K]
Dates θ̄ β̄ sensor Entire Period At 1300 hours

[m3/m3] [-] depth [cm] A B A B
1 12-18 April 0.2 0.31 0.5 3.6 2.6 5.4 0.5
2 7 – 11 May 0.37 0.29 0.5 1.8 1.0 3.4 1.0
3 30 May – 4 June 0.32 0.27 0.5 2.5 1.4 5.0 2.8
4 8 – 15 July 0.06 0.26 0.3 4.2 2.4 8.5 3.2
5 28 July – 3 Aug 0.06 0.26 0.1 6.2 2.0 11 1.5
6 6 – 9 Aug 0.04 0.28 0.1 7.8 2.1 15 3.0
7 15 – 21 Sept 0.03 0.36 0.1 6.2 2.6 11 3.1
8 2 – 5 Oct 0.09 0.26 0.1 2.2 1.5 2.8 1.9
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Figure 3.8: Fourday time series of measured and simulated soil temperatures from the Wa-
geningen field experiment for two periods: one with wet and one with dry conditions. The
solid lines indicate the modeled temperature at 0.5 cm (wet) and 0.1 cm (dry) according to
Model B; the dotted lines show the measured input temperatures at 5 cm; dashed lines show
the observations at the modeled depth.

3.6 Remote sensing application

For global, remote sensing-based applications, site specific β ratios will most likely not be
available and a constant value can be used. To test the effect of this generalization, the RMS
errors for Model B are calculated using β = 0.25 as was suggested in Section 3.4.3, in a
downward simulation using the observed 0.5 cm temperature as the input value to model
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Table 3.2: Results for simulations B0-B3. See text for explanation.

RMS Period 2 Wet [K] RMS Period 5 Dry [K]
B0 B1 B2 B3 B0 B1 B2 B3

Entire Period 1.0 1.1 1.2 1.3 2.0 2.1 2.3 2.9
1300 Hours 1.0 1.5 1.75 2.1 1.5 1.4 2.2 3.8

the temperature at 5 cm. Remotely sensed measurements from microwave observations can
provide an average temperature for the top 0.3 cm layer, so using the 0.5 cm value will
give reasonable approximation of the errors that can be expected. The results are listed
in Table 3.2, as simulation B1. These values vary only slightly from the values for the
corresponding time periods reported in Table 3.1 (also given as B0 in Table 3.2). This
suggests that Model B is less sensitive to the β ratio and that a value of 0.25 may be a
reasonable first approximation for global studies.

Another important limitation in remote sensing applications is that soil moisture profile
data will most likely not be available. If retrieved from satellite measurements, soil mois-
ture data will represent the average moisture content of a shallow surface layer ( 1.0 cm at
currently available space technology). We test this effect by using the average of the 0.5
cm and 2.0 cm soil moisture measurements (simulation B2). The resulting errors are sim-
ilar in magnitude to the previous simulation (B1), except for the 1300 hour values during
the dry period, which are somewhat higher. Further model improvements may be realized
with additional experimental data observed under drying surface conditions which may help
parameterize moisture profile characteristics from remote sensing observations.

An additional limitation is the accuracy of soil moisture from satellite sensors. The offi-
cial NASA AMSR-E global soil moisture data set has an estimated accuracy of 0.06 m3/m3

(absolute) and represents a surface layer of approximately 1.0 cm (Njoku, 2004, updated
daily; Wagner et al., 2007), although recent results from other retrieval algorithms suggest
the possibility of improved accuracy. We simulate the effect of possible errors in the soil
moisture estimates by adding random noise to the soil moisture data with a standard devi-
ation of 0.06 m3/m3. Again, this simulation (B3) shows only a small increase in the error
for the wet period, although the dry period is affected somewhat more.

3.7 Summary and Conclusions

Two field data sets are used to model near-surface soil temperature profiles in a bare soil. It
is shown that the commonly used solutions to the heat flow equations by Van Wijk perform
well when applied at deeper soil layers, but result in large errors when applied to near
surface layers, where more extreme variations in temperature occur during periods of peak
incoming radiation. The reason for this is that these approaches do not consider heat sources
or sinks below the surface.
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An approach, suitable for application with satellite temperature data products is subse-
quently tested to model instantaneous near-surface soil temperature profiles in a bare soil
from a single observation depth. The concept behind this approach is that the magnitude
of the ground heat flux approaches net radiation for z < 0, and that sensible and latent
heat fluxes have their source below the surface. The distribution of fluxes over this energy
transition zone has to be accounted for to describe the measured near surface temperature
profiles. The proposed approach consists of two parts: 1) Deriving an instantaneous soil
heat flux profile based on net radiation and the ground heat flux at 5cm depth; 2) Using this
modeled ground heat flux profile to extrapolate a single temperature observation to a com-
plete near-surface temperature profile. Both steps are sensitive to the soil moisture content
of the profile.

Error analysis shows that this approach results in errors that are significantly lower com-
pared to the approach based on Van Wijk’s solutions. For the maximum depth of 5 cm be-
tween the input and modeled temperature depth, the observed errors for the validation data
are between 1 and 3 K. While the errors for the dry periods are on the high side of this range,
they are still acceptable for many applications, and indicate that the surface processes are
reasonably well described. The validation results also show that the model functions at a
range of soil and meteorological conditions. The proposed model is tested under limitations
in input data that are associated with remote sensing applications. It is shown that these
limitations result in only small increases in the overall error. This approach may be useful
for satellite-based global energy balance applications.
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Chapter 4

The Effective Temperature for
L-band Radiometry

4.1 Introduction

Measurements of passive microwave brightness temperature quantify the intensity of the soil
microwave radiation. According to the Rayleigh-Jeans approximation, the emitted energy
from the soil in the microwave domain is proportional to the thermodynamic temperature
and the brightness temperature can be expressed as the product of the emissivity and the
effective temperature.

The whole soil layer contributes to the soil thermal emission. From the point of origin
to the soil surface, the intensity is attenuated by the intervening soil, whose absorption is
related to the moisture content. The net intensity at the soil surface, called the effective
temperature, is a superposition of the intensities emitted at various depths within the soil
(Choudhury et al., 1982).

The effective temperature is used to normalize the measured brightness temperature and
obtain values of surface emissivity. Especially at L-band, the contributing layer is thick and
varies strongly through the year. An accurate computation of the effective temperature is
thus critical for obtaining relevant values of the soil emissivity from brightness temperature
measurements. The soil emissivity values may then be used in (non) coherent models to
retrieve soil moisture (Njoku and Kong, 1977; Wilheit, 1978; Schneeberger et al., 2004).

The theoretical formulation of the effective temperature requires fine vertical profile in-
formation on both soil moisture and soil temperature. Required information is not available

This chapter was published as: T.R.H. Holmes, P. de Rosnay, R. de Jeu, J.-P. Wigneron, Y. Kerr, J-C. Calvet,
M.J. Escorihuela, K. Saleh and F. Lemaitre, 2006. A new parameterization of the Effective Temperature for L-band
Radiometry, Geophysical Research Letters, Volume 33, Issue 7, doi:10.1029/2006GL025724.

47



Chapter 4. The Effective Temperature for L-band Radiometry

from remote sensing and only a few test sites provide a sufficiently fine measurement of the
vertical profiles in the soil. To estimate the effective temperature with minimum soil profile
information, several parameterizations have been developed for use with L-band radiome-
try. Choudhury et al. (1982) showed that for short time periods, the effective temperature
can be described as a linear function of the soil temperature at two depths. Wigneron et al.
(2001) improved this parameterization, making it suitable for seasonal studies, by taking
into account the influence of soil moisture on the attenuation of microwave energy.

As part of the preparation for SMOS (Soil Moisture and Ocean Salinity) mission (Kerr
et al., 2001), the intensive field campaign SMOSREX (Surface Monitoring Of the Soil
Reservoir EXperiment) has been ongoing in Southern France since 2001 (de Rosnay et al.,
2005). Designed to improve radiative modeling over land at L-band, the measurements in-
clude dense profiles of soil temperature and moisture sensors. This study uses the profile
data to calculate the theoretical effective temperature and compare it to Wigneron’s param-
eterization. The long duration of the field campaign makes it possible to study its behavior
at annual to inter-annual time scales. Based on the results of this study we will propose a
new parameterization of the effective temperature.

4.2 Theory

The effective temperature (Teff ) is controlled by the soil dielectric and temperature pro-
files. From radiative transfer theory (Ulaby et al., 1986), the effective temperature can be
expressed as

Teff =
∫ ∞

0

Ts(z) ·W (z) · dz (4.1)

where Ts(z) is soil thermodynamic temperature at depth z, W (z) is a temperature weighting
function of the contribution of each soil layer to the Teff . W (z) is defined as

W (z) = α(z) · exp[−
∫ z

0

α(z′) · dz′] (4.2)

where

α(z) = (4π/λ) · ε′′(z)/2(ε′(z))0.5 (4.3)

α(z) is an attenuation coefficient related to the soil dielectric constant, λ is the observation
wavelength, and ε′ and ε′′ are the real and imaginary part of the soil dielectric constant.

The shape of the weighting function is determined only by the soil moisture profile
through its effect on the dielectric constant. The higher the soil moisture content, the higher
the attenuation and the more rapid the weighting function declines with depth. The result
is a smaller sensing depth. This effect is illustrated for L-band in Figure 4.1, which shows
examples of a dry (July) and a wet (March) soil moisture profile (a) and their corresponding
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Figure 4.1: Water content profiles (a), and corresponding normalized weighting functions
for L-band (b), for March and July 2003. Circles indicate measured values.

normalized temperature weighting functions (b). It clearly illustrates that a wetter soil pro-
file results in a smaller sensing depth, and that for L-band the difference can be several tens
of centimeters.

4.3 Material and Methods

Soil temperature and moisture data are measured on a bare soil as part of the SMOSREX
campaign (de Rosnay et al., 2005). Thermistors are installed at 1cm, 5cm, 20cm 50cm and
90cm. Soil moisture is measured by theta probes, installed at 0-5cm (4x), 10cm (x3), 20cm
(x3)m 40cm (x2),50cm (x2), 60cm (x2), 70cm, 80cm and 90cm. Soil texture can be charac-
terized as a loam soil, with a porosity of 40%. Wilting point and transition moisture values
are calculated to be 0.15 and 0.238 m3 m−3 respectively, based on Wang and Schmugge
(1980).

Using equations 4.1-4.3, the theoretical effective temperature is computed based on the
SMOSREX data of 2003 and 2004. The dielectric constant is calculated using the model of
Wang and Schmugge (1980), for a wavelength of 21cm (L-band). Despite of uncertainties in
the measured soil moisture and temperature profiles, the theoretical approach is considered
to provide a good approximation of the effective temperature. It is used in the following as
the ”true” effective temperature.
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4.4 Parameterization of Effective Temperature

The calculation of the effective temperature by equations 4.1-4.3 needs detailed information
on temperature and water content profiles. For application studies at a larger scale, it will
be necessary to use a simple parameterization. The most straightforward parameterization
was proposed by Choudhury et al. (1982):

Teff = TDeep + (TSurf − TDeep) · C (4.4)

where TDeep is the deep soil temperature, ranging from 50 to 100 cm and TSurf the surface
soil temperature between 0 to 5 cm. C is a fitting parameter, defining the depth of the soil
layer that best represents Teff . Because C is described to be constant in this formulation,
this parameterization can only properly describe small term field experiments, with limited
change in soil moisture content.

To take into account the sensing depth variation with the soil moisture content, Wigneron
et al. (2001) proposed a parameterization for low frequency radiometry:

Teff = TDeep + (TSurf − TDeep) · C(wSurf ) (4.5)

where C(wSurf ) is a function of the surface soil moisture, wSurf , given as

C(wsurf ) = (wSurf/w0)b (4.6)

where the fitting parameters w0 and b are positive. For dryer soils, C(wSurf ) is lower and
Teff is closer to TDeep than for wet soils. This parameterization proved to be robust at the
seasonal scale.

4.4.1 Inter-seasonal Calibration

To test Wigneron’s parameterization [Wig] at the inter-seasonal scale, the parameterization
was calibrated using the values of the calculated ”true” effective temperature for the first
year of the measurements at the SMOSREX site. This calibration was carried out for differ-
ent choices of TSurf : using the infrared temperature, or the 1 cm or 5 cm soil temperature.
Best results were obtained using TSurf at 5 cm and TDeep at 50 cm, and this configura-
tion will be used hereafter. The calibration was first performed separately for three time
periods in order to analyze the stability of the parameterization at inter-seasonal and annual
temporal scales: For the winter and summer of 2003, and for the whole year 2003.

The calibrated parameters for these different temporal scales are listed in Table 4.1, as
well as the averaged error (rmse) with the theoretical effective temperature. These results
show that Wigneron’s parameterization describes the theoretical effective temperature well,
with an rmse of 0.48 K for the year 2003. However, the results for the seasonal time periods
indicate that the fitting parameters are not stable throughout the year.
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4.4.2 New Parameterization

The unstable calibration results for Wigneron’s parameterization shows that the effect of
soil moisture on the sensing depth is not yet sufficiently accounted for in the parameteriza-
tion. In the theoretical formulation of Teff (Equations 4.1 to 4.3), the influence of water on
the attenuation of microwave energy is represented by the use of the ratio of the real and
imaginary parts of the soil dielectric constant. From this it is expected that a parameteriza-
tion that uses the soil dielectric constant, in the form of (ε′′/ε′), instead of the water content
would be able to describe the yearly trends better.

This approach is tested by calculating C and comparing this to water content and the
dielectric properties. Because Teff becomes very insensitive to the sensing depth when the
soil temperature profile is almost vertical, we remove the data where (TSurf − TDeep)2 is
less then 5 K. The remaining C-values are plotted for 2003 against water content (a) and
against ε′′/ε′ (b) in Figure 4.2. These plots clearly show a much better correlation between
C and ε′′/ε′ (0.9) than with water content (0.8).

Much of this improvement in the correlation is a result of the different dielectric behavior
of the soil before and after the transition moisture. Initially, the dielectric constant increases
slowly with moisture content. After reaching a transition moisture value (0.238 for this
soil), the dielectric constant increases steeply with moisture content (Wang and Schmugge,
1980). The inconsistencies that occur in the high moisture levels in Figure 4.2 (b) are not
yet explained but are probably related to gradients in the surface soil moisture profile.

Based on these results we propose the following parameterization of the effective tem-
perature:

Teff = TDeep + (TSurf − TDeep) · C(ε) (4.7)

where C(ε) is a function of the dielectric properties of the surface:

C(ε) = ((ε′′/ε′)/ε0)b (4.8)

with the fitting parameters ε0 and b. (ε′′/ε′) is calculated from wSurf , according to the
dielectric mixing model (Wang and Schmugge, 1980). This extra step needs information
about soil texture and the soil temperature at the same depth as the soil moisture measure-
ments.

The calibration results for this new parameterization are also shown in Table 4.1. These
results show that the rmse for the calibrations on the year 2003 are improved from 0.48
to 0.41 K. The rmse for the summer periods is improved especially, from 0.51 to 0.38
K. However, the higher correlation between C and ε′′/ε′ is not reflected in more stable
calibration parameters for the summer and winter periods. This can be attributed to the
inconsistencies in Figure 4.2 (b) at the high moisture levels. The following section will test
the two parameterizations further at the inter annual scale.
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Table 4.1: Results of the calibration of the two parameterizations. The best fitting param-
eters are listed for both parameterizations as well as the associated rmse compared to the
theoretical value of effective temperature. Maximum error (Emax) and occurrence (Freq
in %) of errors larger than 1 K are indicated for each case. The calibration was performed
for different periods: 2003 winter (Jan-Mar, Nov-Dec), 2003 summer (May-Oct), 2003,
2004, 2003-2004. The case 2003 applied to 2004 is an evaluation of the best 2003 fitting
parameters to the year 2004. This test addresses the robustness of each parameterization for
temporal extrapolation.

Parameterization Period Par. 1 Par. 2 rmse
(K)

Emax
(K)

Freq
(%)

[Wig] w0 β
Wigneron 2003 winter 0.34 0.62 0.42
et al. (2001) 2003 summer 0.47 0.56 0.51

2003 0.36 0.70 0.478 2.38 4
2004 0.32 0.58 0.592 2.64 4

2003 applied to 2004 0.36 0.70 0.734 2.22 6
2003 and 2004 0.33 0.63 0.573 3.11 10

[New] ε0 β
2003 winter 0.09 0.52 0.42

2003 summer 0.08 0.98 0.37
2003 0.08 0.95 0.412 2.50 2
2004 0.08 0.81 0.482 1.67 2

2003 applied to 2004 0.08 0.95 0.515 2.00 4
2003 and 2004 0.08 0.87 0.458 2.43 6

4.4.3 Inter-Annual Calibration

In order to compare the stability and robustness of the new parameterization [New] and
Wigneron’s parameterization [Wig] at annual and inter-annual temporal scales, the calibra-
tion is now extended to two years of the SMOSREX data set. The calibration is repeated for
the year 2004 and for the years 2003 and 2004 combined. The calibration was also tested
for 2004 with the optimized parameters obtained for 2003.

The best fit parameters for the different temporal scales and the rmse between the pa-
rameterized and the theoretical effective temperature are listed in Table 4.1. It also indicates,
for each time period, the maximum error and the occurrence of errors larger than 1 K. This
provides a quantitative assessment of the percentage of situations where the model is not
able to reproduce effective temperature with a 1 K accuracy.

Table 4.1 shows that the new parameterization indeed improves upon the results with
Wigneron’s method. The rmse are lower than those obtained with [Wig] at the annual and
inter-annual scales. At the inter-annual scale (2003-2004), the rmse decreases from 0.573
with [Wig], to 0.458 K with [New]. Maximum error decreases from 3.11 with [Wig] to
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Figure 4.2: Scatter plots of C versus surface water content (a) and C versus the ratio of the
soil dielectric constant (b). For data where: (TSurf − TDeep)2 > 5K .

2.43 K with [New] and the occurrence of errors larger than 1 K is 10 and 6 for the two
models respectively. The 1 K accuracy is thus ensured at this inter-annual scale in 90%
with [Wig] and 94% with [New]. The stability of the calibrated parameters for [New] is
particularly noteworthy. With only one parameter (ε0 is shown to be almost constant at any
time scale) the parameterization is able to describe the variations of the effective temperature
encountered at different temporal scales.

These results indicate that the [New] parameterization takes into account the main pro-
cesses that govern the thermal sampling depth. For intermediate soil moisture conditions,
such as in April 2004, the two parameterizations provide similar results which are in good
agreement with the theoretical formulation. The differences between the two parameteri-
zations are more significant in more extreme conditions, such as soil freezing in February
2003 and a very warm period in August 2003. In these conditions, the relevance of the
model is strongly dependent on the approach used to account for the effects of soil moisture
in the computation of the effective temperature. The [New] model which represents this
effect through the modifications of the dielectric constant, is closer to the theoretical ef-
fective temperature than the [Wig] parameterization. These results underscore that the soil
moisture influences the thermal sampling depth through the soil dielectric profile.
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4.5 Conclusion
Because of the availability of a two year-long data set of fine soil moisture and temperature
profiles, it was possible to clearly show the effect of changes in soil water content through
the year, on the effective temperature. The change from saturated surface conditions in
January to below wilting point in July results in a strong expansion of temperature sensing
depth for L-band.

This strong variation in the temperature sensing depth is not fully reflected in the pa-
rameterization by Wigneron et al. (2001) of Teff . This results in unstable values for the
calibration parameters at the inter-seasonal scale.

The correlation of the sensing depth with ε′′/ε′ is shown to be better than the correlation
with water content. Therefore a new parameterization is proposed in which the effect of
water content on the sensing depth is accounted for by means of the ratio of the soil dielectric
constant. This incorporates the effect of the transition moisture and agrees better with the
theoretical formulations for Teff . This parameterization is an improvement on Wigneron’s
parameterization in terms of rmse, and it describes the variations of sampling depth at the
seasonal to inter-annual temporal scale.
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Chapter 5

A global simulation of microwave
emission

5.1 Introduction
Brightness temperature measurements from the Soil Moisture and Ocean Salinity (SMOS)
mission (Kerr et al., 2001) can be used in advanced data assimilation systems to anal-
yse global soil moisture fields. In numerical weather prediction (NWP) it is desirable to
assimilate brightness temperatures or radiances rather than derived geophysical parame-
ters, because the near real time requirements are easier to meet: The processing step from
brightness temperature to soil moisture, which includes auxiliary data from different data
providers, is avoided. For the assimilation of SMOS brightness temperatures into ECMWF’s
(European Centre for Medium-range Weather Forecasts) Integrated Forecast System (IFS)
the NWP model will be coupled with a radiative transfer model to compute brightness tem-
peratures at the top of the atmosphere. In this paper we introduce a NWP community model
and study first guess errors in synthetic brightness temperatures and their implications for
surface soil moisture analysis.

In general, this data assimilation problem is under-determined in that the observations
are comparably sparse in space and time and only indirectly related to surface and root zone
soil moisture. In the case of L-band (1.4 GHz) brightness temperatures the observations
will be influenced by several additional geophysical variables including soil temperature,
soil texture, surface roughness, vegetation water content and atmospheric quantities. To
make the analysis problem well-posed, background (or first guess) information in the form
of an a priori estimate of the model state and physical constraints on the analysis system

Parts of this chapter were published as: T.R.H. Holmes, M. Drusch, J-P. Wigneron and R. de Jeu, 2008a. A
global simulation of microwave emission: Error structures based on output from ECMWF’s operational Integrated
Forecast System, IEEE Transactions on Geoscience and Remote Sensing, 40(3), March 2008.
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can be introduced. In numerical weather prediction applications the first guess often is the
evolution of the model state predicted by a forecast system.

Relying on a modelled first guess as background information allows the information
obtained from the measurements to be accumulated in time into the model state and to
propagate to additional geophysical variables of the model. For example, using a sophisti-
cated data assimilation system one would hope to obtain a more accurate description of root
zone soil moisture and consequently evaporation by introducing SMOS observations in the
(top) surface layer. The relative weights of each observation type and the (modelled) first
guess in the analysis are determined by the specific error characteristics. Quantifying the
individual random errors and biases is therefore crucial for obtaining a statistically optimal
analysis.

Biases, i.e. systematic differences in observation space between the observations and
the modelled first guess, are usually minimized ’offline’ in a pre-processing step outside
the analysis (Dee and da Silva, 1998; Harris and Kelly, 2001). For soil moisture analyses
using satellite derived products, Reichle and Koster (2004) and Drusch et al. (2005) pro-
posed the cumulative distribution function matching technique, which minimizes the bias
and potential differences in the dynamic ranges of the observations and the first guess. This
’offline’ technique has been successfully applied for AMSR (Advanced Microwave Scan-
ning Radiometer) derived soil moisture (Reichle and Koster, 2005) and the TMI (TRMM
Microwave Imager) soil moisture data set (Drusch, 2007). However, more sophisticated
approaches for the bias correction are readily available (e.g. Gao et al., 2007) and are being
explored. Potentially, the bias correction can also be performed as a part of the variational
analysis (Auligne et al., 2007).

Random errors enter the data assimilation system through the observation error and
background error covariance matrices (e.g. Daley, 1991). Errors and biases in these first
guess brightness temperatures will be introduced through: (1) Uncertainties in the param-
eterizations of the radiative transfer model, (2) inaccurate auxiliary geophysical quantities
for the radiative transfer computations (e.g. vegetation water content, surface roughness),
and (3) an imperfect NWP model producing inexact estimates of soil moisture, soil temper-
atures, etc..

In this paper we present the Community Microwave Emission Model (CMEM), which
has been tailored for NWP applications. A preliminary calibration of CMEM at L band is
performed using data from the Skylab space laboratory and the ERA-40 reanalysis data set.
The modular design of CMEM, coupled with the operational output from the deterministic
and probabilistic forecast systems, can be a very useful tool to perform an error propagation
study and to quantify the first guess error in the modelled brightness temperatures.

5.2 Community Microwave Emission Model and NWP Model
Interface

CMEM is a land surface emission model specifically tailored to NWP applications. In
general, NWP centres do not have the expertise and / or the manpower to develop and
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validate new parameterizations for the emission modelling. They rely on basic research
published by specialists, in this case the members of the SMOS Validation and Retrieval
Team (SVRT). CMEM is designed as a modular software package, which can be updated
on a regular basis. New parameterizations can be easily tested on continental to global
scales and compared against a common reference (e.g. the set up used in ESA’s soil moisture
retrieval). In addition, CMEM provides an interface to NWP model fields, which can not
necessarily be used directly in the radiative transfer modelling.

In operational data assimilation schemes CMEM could be the forward operator com-
puting the brightness temperatures on the top of the atmosphere based on the modelled first
guess fields. Conceptually, it is based on the L-band Microwave Emission of Biosphere
model (L-MEB (Pellarin et al., 2003b; Wigneron et al., 2007)) and the Land Surface Mi-
crowave Emission Model (LSMEM (Drusch et al., 2001; Gao et al., 2004)) combining a
number of different parameterizations for the computation of the key quantities, i.e. the soil
emissivity and the attenuation by vegetation. While CMEM is specifically designed to sim-
ulate L-band microwave emission, many components are designed for a wider frequency
range. The applicable frequency range of CMEM is between 1 and 20 GHz. In the current
set up, CMEM comprises a simple component for the calculation of the atmospheric radia-
tive transfer. For higher frequencies, it is envisaged to couple CMEM with the commonly
used RTTOV [Radiative Transfer model for Television Infrared Orbiting Satellite (TIROS)
Operational Vertical Sounder (TOVS); Saunders et al. (1999)] software package to obtain a
better representation of the atmosphere. This section outlines CMEM and describes all the
currently implemented configuration options.

Simplified solutions for the radiative transfer equation have been used for more than a
decade to model land surface emissivities (e.g. Kerr and Njoku, 1990). When vegetation is
represented as a single-scattering layer above a rough surface, the brightness temperature on
top of the vegetation (TBtov,p) can be expressed in terms of the components soil, vegetation
and atmosphere:

TBtov,p = TBs,p · Γp + (5.1)
TBv,p + TBv,p · rr,p · Γp +
TBad,p · rr,p · Γ2

p

where

TBs,p = Teff,p (1− rr,p) (5.2)

and

TBv,p = Tc(1− ωp)(1− Γp) (5.3)

TBs,p and TBv,p are the brightness temperatures from the soil and vegetation. TBad,p in-
cludes the downward atmospheric brightness temperature as well as the cosmic background
radiation. Subscript p indicates polarization dependency. rr,p is the rough reflectivity of
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the surface (equal to one minus the emissivity). Γp is the vegetation transmissivity, equal to
e(−τp/cosθ) where τp is the optical depth and θ is the incidence angle. Teff,p is the effective
temperature of the soil medium, Tc the canopy temperature and ωp is the single scattering
albedo. For simplicity, the fourth component, snow, is not shown in (5.1), but will be briefly
described in Section 5.2.3.

For the computation of the brightness temperature over heterogeneous land surfaces,
CMEM distinguishes seven different tiles (t) with unique physical characteristics. They
comprise: four snow free tiles (bare soil, low vegetation, high vegetation, water) and three
snow covered tiles (snow on bare soil, snow on low vegetation, and snow below high vege-
tation). Ocean, sea ice and lakes are all part of the water tile.

TBtov,p is calculated for each tile of a specific grid box based on its dielectric properties
and vegetation parameters. The aggregated top-of-atmosphere brightness temperature for
a grid box TBtoa,p can now be written as the sum of the TBtov,p emission of the individ-
ual tiles, weighted by their fractional coverage F and the atmospheric contribution for the
specific grid box:

TBtoa,p = TBau,p + e(−τa,p/cosθ)
7∑

t=1

TBtov,p(t)F (t) (5.4)

where TBau,p is the up-welling atmospheric brightness temperature and τa,p is the atmo-
spheric opacity calculated from the single atmospheric grid box profile. In this way, grid
box parameters (e.g. atmospheric profiles) are combined with tile specific data (e.g. vegeta-
tion characteristics) to calculate an aggregated TBtoa,p.

Technically, each component consists of a number of modules. Components can be
changed and configured individually. In the following subsections the four components and
their individual modules are described.

5.2.1 Surface component
The surface component, computing TBs,p and rr,p is further divided into four sub-components
that contain: dielectric models, the effective temperature, the specular emissivity and the
roughness correction. All land surface tiles use the soil component in the same configura-
tion. For the water tile the dielectric constant of sea water or ice is calculated (depending
on the presence of sea ice); in the current CMEM version sea surface roughness effects are
neglected. However, it is planned to upgrade CMEM with a state-of-the-art two-scale ocean
emissivity model.

TBs,p is the product of emissivity and the effective temperature of the emitting soil
medium (see (5.2)). Teff,p is the sum of the physical temperatures of the emitting layers,
weighted by their relative contribution to the surface emission. For frequencies higher than
5 Ghz, the penetration depth ranges from 1 to 3 cm and the Teff,p can be approximated
by the surface temperature. At L-band, the sensing depth is in the order of 5 to 30 cm,
depending on soil moisture (Ulaby et al., 1986) and a proper parameterization of Teff,p

becomes important. The Wilheit model (Wilheit, 1978) approximates Teff,p by a weighting
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function over all the soil layers. To reduce the computational cost, non polarized Teff can be
parameterized based on a near surface temperature (z = 5cm) and a deep soil temperature
(z = 50cm):

Teff = Tdeep + (Tsurf − Tdeep)C (5.5)

The C-parameter is determined by the temperature sensing depth and is calibrated differ-
ently by different authors. The parameterization by Choudhury et al. (1982) has a constant
C-parameter for frequencies ranging from 0.6 to 10 GHz. Wigneron et al. (2001) adapted
this model to account for the soil moisture influence at L-band. Holmes et al. (2006) use the
dielectric constant (according to Wang and Schmugge (1980)) to model the soil moisture
dependance of sensing depth.

The microwave emissivity of the wet soil is highly dependant on soil moisture because
of the big difference in the real part of the dielectric constant (ε′) between water (∼80) and
the soil matrix (∼4). The dielectric constant of the soil medium εsoil is primarily a function
of volumetric soil moisture (vsm), temperature and soil texture. The two most commonly
used semi-empirical, texture dependant, dielectric models are the Wang-Schmugge model
(Wang and Schmugge, 1980) and the Dobson model (Dobson et al., 1985).

The Wang-Schmugge model is calibrated for frequencies between 1.4 and 5 GHz, it
distinguishes between the bound and free water in the soil which results in a nonlinearity of
dielectric constant versus volumetric soil moisture. The Wang-Schmugge model needs the
texture dependant parameter α for the conductivity loss factor at frequencies below 2.5 GHz.
In their paper, Wang and Schmugge (1980) list α for various soil types. From these data
we derived a linear relationship between α and wilting point wwp[m3m−3]: α = 100wwp.
The Dobson model is more thoroughly parameterized regarding soil texture and for a wider
range in frequencies (1.4 to 18 GHz) than the Wang-Schmugge model. Mätzler (1998)
developed a simpler dielectric constant relation for the special case ’very dry sand’.

Models to calculate the dielectric constant of water are also included in this module.
They include the pure water (Ulaby et al., 1986) and saline water (Stogryn, 1971; Klein and
Swift, 1977) options, as well as soil water adaptations (Dobson et al., 1985; Klein and Swift,
1977). In the case of sea ice, the dielectric constant is calculated according to Pulliainen
et al. (1998). When the soil temperature is below the freezing point, some or all of the soil
water will be frozen and have the dielectric constant of ice. To account for this the dielectric
constant of non-frozen soil is mixed with the dielectric constant of ice on the basis of soil
temperature. The default fraction of frozen soil water is 0, for temperatures below −0.5◦C
this is 0.5 and below −5◦C the fraction is 1. This parameterized treatment of frozen soil is
chosen for this study because the amount of frozen water is not available from the archive.

The reflectivity of a smooth surface rs,p is given by the well known Fresnel law that
defines the partition of electromagnetic energy at a dielectric boundary. As soil moisture
increases, the dielectric constant of the soil increases and the reflectivity increases. The soil
is commonly represented with only one dielectric boundary as is the default case in CMEM.
Wilheit (1978) calculates rs,p for a stratified dielectric, which is physically more correct but
also computationally more expensive. The layered approach makes it possible to use all the
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available profile data of temperature and soil moisture, without simplifying by means of the
effective temperature.

Because the natural land surface is generally not specular at microwave wavelengths, the
smooth surface reflectivity needs to be corrected for roughness. Most of the roughness mod-
els (Choudhury et al., 1979; Wang and Choudhury, 1981; Wigneron et al., 2001) are based
on the Q/h formulation of roughness and polarization effects for microwave frequencies by
Choudhury et al. (1979):

rr,p1 = (Qrs,p2 + (1−Q)rs,p1) e−h(cos θ)Nrp

(5.6)

where Q is the polarization mixing factor and p1 and p2 are opposite polarizations (H or
V). Q can be considered zero at L-band (Wigneron et al., 2001) and increases slightly with
frequency (Q = 0.35[1− e(−0.6σ2f)], with f in GHz and the rms height of the surface σ
in cm). The exponent Nrp is generally considered to be zero. Only the roughness height
h is changed in the various models and is related to some of the following parameters: σ,
correlation length Lc, standard deviation of surface height s and / or soil moisture. In this
study, we limit ourselves to the following formulations:

h = (2kσ)2 Choudhury et al.(1979), (5.7)
h = 0.5761vsm−0.3475(s/Lc)0.4230 (5.8)

Wigneron et al.(2001),
h = 1.3972(s/Lc)0.5879 Wigneron et al.(2001). (5.9)

Wegmüller et al. (1995) used a different approach to develop a semi-empirical model
with a wide range of validity (f = 1 to 100 GHz). In their model both horizontal and verti-
cal polarized reflectivity is derived from the horizontal polarized smooth surface emissivity.

5.2.2 Vegetation component
The surface emission is attenuated by the vegetation and it acts as a source of emission itself
(TBv). The attenuation is quantified by the vegetation optical depth τv and is dependant
on the vegetation characteristics, most importantly vegetation water content (V WC). The
parameterization after Kirdiashev et al. (Kirdiashev et al., 1979; Kerr and Njoku, 1990)
further includes the wavelength λ, the dielectric constant of saline water εsw, the density of
water ρw, the incidence angle θ and a canopy structure coefficient ageo:

τv = ageo
2π

λ

V WC

ρw
εsw” (5.10)

This parameterization is strictly valid for frequencies between 1 and 7.5 GHz. Wegmüller
et al. (1995) modified (5.10) for frequencies up to 100 GHz using geometrical optics the-
ory. Other approaches (e.g. Jackson et al., 1999; Wigneron et al., 1995b) combine these
quantities in the so-called b-parameter:
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Table 5.1: Vegetation parameters for L-band: Single scattering albedo ω, b-parameter,
Canopy structure coefficient ageo and Vegetation water content (V WC). For the description
of the individual vegetation types the reader is referred to Van den Hurk et al. (2000).

Surface Type ω b[m2kg−1] ageo V WC[kgm−2] Vegetation Type
Grasslands 0.05 0.20 0.33 0.5 · LAI 2,7,9,11,13,16,17
Crops 0.05 0.15 0.33 0.5 · LAI 1,10
Rain Forests 0.05 0.33 0.66 10 (branches) 6
Deciduous Forests 0.05 0.33 0.66 4 (branches) 5,18,19
Coniferous Forests 0.05 0.33 0.66 3 (branches) 3,4

τv = b× V WC (5.11)

The surface temperature from the NWP model has been used as a proxy for the canopy
temperature. Alternatively, the 2 m air temperature can be used as in LSMEM (Drusch et al.,
2001). The scattering of the surface emission by the vegetation is quantified by the single
scattering albedo, and is a function of plant geometry. ω may be calculated theoretically
(Wegmüller et al., 1995), but is often treated as a global constant value. In CMEM it can be
parameterized per vegetation type. Additional parameters for the emissivity modelling (i.e.
salinity of vegetation water Sv , and the structure parameter ageo) have been obtained from
the reviewed literature. The vegetation parameters are listed in Table 5.1.

Water interception by the canopy after precipitation or dew can have substantial influ-
ence on the observed brightness temperatures. As a first approximation this effect can be
accounted for by adding the interception reservoir to the low vegetation V WC. A more
thorough representation of the effect of intercepted water should address the different radia-
tive properties of intercepted water as opposed to vegetation water. For this study, water on
the canopy has been neglected.

5.2.3 Snow component
When snow is present, the surface emission passes through an extra layer with low attenu-
ation and an additional dielectric boundary. The configuration of the vegetation component
remains the same as for the snow free tile. For low vegetation, the extra layer is added above
the vegetation and for high vegetation only the snow on the surface is considered. The effect
of this extra layer on the TBtov is calculated according to the HUT-snow emission model
for a single snow layer (Pulliainen et al., 1999).

For this study the treatment of snow has been simplified. Fractional snow coverage is not
taken into account. In the presence of snow (as defined through ECMWF’s snow analysis
(Drusch et al., 2004)) the snow water equivalent has been set to 10 cm and the snow tem-
perature has been approximated through the first layer soil temperature. These assumptions
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seem to be appropriate for the study since we focus on the soil moisture analysis, which is
only performed in snow free conditions.

5.2.4 Atmospheric component

The TBtov,p is attenuated by the atmosphere before it reaches the satellite sensor. This at-
tenuation is quantified by the zenith atmospheric opacity τa,p. Besides this, the atmosphere
has itself an upward and downward emission TBau,p and TBad,p. The TBad,p also contains
the cosmic background radiation and is included in the TBtov . The atmosphere is a medium
with vastly fluctuating temperature and moisture profiles. Computation of the atmospheric
factors considering atmospheric profiles of pressure, humidity, and temperature is described
by Liebe (2004). Although implemented in CMEM, we have used a faster approach in-
troduced for L-MEB (Pellarin et al., 2003b). For frequencies below 11 GHz, the vapor
dependency can be approximated by relating τa to the geopotential height at the surface.

5.2.5 Auxiliary data

Not all geophysical parameters relevant for the radiative transfer computations are read-
ily available from an NWP model. A flexible interface has been designed for the post-
processing of model fields and the introduction of new data sets.

To keep ECMWF’s land surface model as simple as possible the IFS is presently using
a single loamy soil type for the globe (Viterbo and Beljaars, 1995). Although this approx-
imation may be acceptable for the NWP model, it may introduce substantial errors in the
emissivity modelling. Consequently, soil texture information has been derived from the
Food and Agriculture Organization (FAO) data base (FAO, 2000). The FAO soil texture
data are static at 10 km spatial resolution and distinguish between three soil texture classes
(coarse, medium, and fine). Sand and clay fractions have been computed from a look-up
table according to Salgado (1999). From this, the following texture information is derived:
loam fraction (as a residual), bulk density (Hillel, 1980), porosity, and wilting point (Wang
and Schmugge, 1980).

The IFS distinguishes between high and low vegetation, which can both be present in
an individual grid box (Van den Hurk et al., 2000). The spatial distribution of vegetation
types is obtained from the Global Land Cover Classification data set (GLCC Loveland et al.,
2000). Parameters for twenty vegetation types have been assigned based on the Biosphere-
Atmosphere Transfer Scheme (BATS Dickinson et al., 1993). A key parameter in the NWP
model is the leaf area index (LAI) which can be used to parameterize the V WC for grass-
lands and crops (Pellarin et al., 2003b):

V WC = 0.5× LAI (5.12)

The vegetation water content for rain forest, deciduous forests and coniferous forests has
been set to 10, 4 and 3 kg m−2 (Pellarin et al., 2003b), respectively, for the first guess
model calibration setup. However, these values have not been validated on the continental
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scale and represent the branch water content rather than the entire biomass. We consider the
vegetation water content of forests as a calibration parameter.

In order to represent interseasonal variability in the vegetation characteristics and sub-
sequently in the modelled brightness temperatures, the ECOCLIMAP data set Masson et al.
(2003) has been integrated as an auxiliary data source. A detailed analysis on the vegetation
sensitivity of modelled brightness temperatures is presented in Section 5.5.

5.3 Calibration and Validation

5.3.1 Skylab S-194 Observed Brightness Temperatures
The NASA Skylab mission was a first example of a space station operating between May
1973 and July 1977 on a polar orbit at 435 km nominal altitude; the orbit period was 93
minutes. Among various remote sensing instruments a passive microwave radiometer (S-
194) was installed. This sensor was a nadir viewing L-band radiometer operating at 1.4
GHz. The resolution of a single observation was approximately 110 km and the distance
between the centres of two consecutive footprints was 2.5 km. The sensor calibration was
based on fixed cold and hot load inputs and the precision of the temperature measurement
was 1K (Jackson et al., 2004).

Collecting data from S-194 required the operation by astronauts onboard the satellite.
Consequently, the number of observations is limited to the following periods: 14 May - 22
June 1973, 28 June - 25 September 1973, and 16 November 1973 - 8 February 1974. The
original S-194 data were never archived properly and are lost. Jackson et al. (2004) recov-
ered the observations used by Eagleman and Lin (1976); the data set and a comprehensive
description are now available under http://disc.gsfc.nasa.gov.

In total, nine tracks of observations are available (Fig. 5.2). Although the number of
observations is quite limited it should be emphasized that a large variety of landscapes,
vegetation types and climates is covered. Areas monitored by S-194 include the Rocky
Mountains, the Central Great Plains, the Eastern US, and large parts of the Amazon rain
forests. This spatial coverage could hardly be achieved from airborne field campaigns. In
addition, the observation dates comprise several seasons including winter time observations.
Consequently, this data set is useful to perform a first calibration of land surface emission
models at L-band for global NWP applications.

5.3.2 ERA-40 Data Set
The ERA-40 reanalysis data set (Uppala and 45 co-authors, 2005) covers the period from
1957 to 2001. The observations used in the analysis comprise various satellite observations

This section is submitted as: M. Drusch, T.R.H. Holmes and P de Rosnay and G. Balsamo, Comparing ERA-
40 based L-band brightness temperatures with Skylab observations: A calibration / validation study using the
Community Microwave Emission Model, Journal of Hydro meteorology.
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ever needle deci needle deci broad ever broad mix forest int forest

crops sh grass ta grass tundra irr crops semidesert bog/marsh ever shrub deci shrub

Figure 5.1: Dominant high (upper panel) and low (lower panel) vegetation classes at T159
spectral resolution.
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1973/06/05/18

1973/06/13/15

1973/09/13/18

1974/01/14/18

1973/08/08/15

1973/09/18/15

1974/01/11/18

1974/01/24/18

1973/08/05/18

Figure 5.2: Spatial and temporal coverage of the Skylab S-194 observations with the cor-
responding observation dates and overpass time (UTC). Blue tracks have been used for the
calibration. The validation has been based on the red tracks.

as well as ground based measurements and conventional weather station data. The data
assimilation scheme makes use of the Integrated Forecast System at T159 spectral resolution
(∼ 1.125◦ horizontal spacing) with 60 vertical levels. The surface scheme within the IFS is
the Tiled ECMWF Scheme for Surface Exchanges over Land (TESSEL) as described in Van
den Hurk et al. (2000). The soil is discretized in four layers of 0.07, 0.21, 0.72, and 1.89 m
depths (from top to bottom). ERA-40 provides volumetric soil moisture fields representing
the top 7 cm layer, soil temperature at 3.5 cm depth, 2 m air temperature (approximating
vegetation canopy temperature) and snow depth.

Vertical movement of water in the unsaturated zone is computed using the Richards
equation and Darcy’s law. Functional relationships between the hydraulic conductivity and
diffusivity and soil water are specified according to Clapp and Hornberger (1978). The
vegetation is treated as described in section 5.5. The dominant high and low vegetation
types for each ERA-40 grid box are shown in Fig. 5.1. Each grid box in the IFS is divided
in up to eight tiles (bare ground, low and high vegetation without snow, exposed snow,
snow under high vegetation, interception reservoir, ocean/lakes, and sea ice). Although the
surface is tiled, energy and water budgets are evaluated for a single atmospheric profile and
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Table 5.2: CMEM model setup for the calibration and validation computations.

Roughness s/L [cm] Vegetation (L,H) ω(L,H) V WCtrop.

A Wigneron
(Eq. 5.9)

0.025 Wigneron b =
(0.2, 0.33)

(0.05, 0.15) 6

B Wigneron
(Eq. 5.9)

0.36 Wigneron b =
(0.2, 0.33)

(0.05, 0.05) 6

C Wigneron
(Eq. 5.8)

0.36 Wigneron b =
(0.2, 0.33)

(0.05, 0.05) 6

D Wigneron
(Eq. 5.8)

0.36 Kirdyashev ageo =
(0.33, 0.33)

(0.05, 0.05) 6

E Wigneron
(Eq. 5.8)

0.36 Kirdyashev ageo =
(0.33, 0.66)

(0.05, 0.05) 10

soil profile per grid box. The archived fluxes for a grid box are area weighted-averages
as derived from the individual tiles. The tiles used in the radiative transfer calculation are
similar to the TESSEL tiles, but differ in that: 1) ocean, sea ice, and lakes are all part of the
water tile; 2) the interception reservoir has not been taken into account and 3) snow on bare
soil is treated as a separate tile.

5.3.3 Calibration Parameters

The calibration of a complex model system is often an ill-posed problem since the number of
parameters exceeds the number of observations at a given location so that the multiple com-
bination of parameters may obtain similar results. Therefore, it is essential to focus on the
key parameters in the emission modelling process: Volumetric soil moisture (θ), vegetation
water content, soil roughness, and the vegetation structure coefficient. θ is routinely anal-
ysed in NWP systems and is directly linked to soil, vegetation, and atmospheric parameters.
Consequently, it can not easily be changed in operational data assimilation applications. In
contrast, soil roughness, vegetation structure coefficient, and vegetation water content (for
dense vegetation) are used for the emission modelling only, and do not feed back directly
into the NWP model. In addition, they are poorly known on large spatial scales. For the
calibration process we will tune these parameters using different parameterizations for the
rough surface reflectivity and the vegetation opacity.

The setup for the different CMEM runs described in the study are summarized in Table
5.2. Model setup ’A’ refers to the first guess setup as outlined above and it mimics the
L-MEB configuration as used in (Pellarin et al., 2003b). The other four setups in Table 5.2
have been used for the calibration.
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5.3.4 Methods

For the observation - model comparison Skylab observations and the corresponding ERA-
40 grid boxes were matched using the nearest neighbour technique. To produce a set of
independent data pairs Skylab observations for a specific grid box were averaged. This is
a reasonable approach since 1) the S-194 footprints are smaller than an ERA-40 grid box
and, 2) averaging should be preferentially applied to brightness temperatures rather than
geophysical parameters to avoid errors introduced through non-linearities in the radiative
transfer calculation (Drusch et al., 1999b,a; Crow and Wood, 2001). The variability of the
observations within each ERA-40 grid box has been used to identify areas with a significant
amount of open water bodies or coastal regions. These areas may not be treated correctly
at T159 spectral resolution in the ERA-40 data set. Therefore. whenever the range of
brightness temperatures for a specific grid box exceeded 10 K, the observation / model data
pair is rejected.

5.3.5 Results

Four tracks covering North and South America and including both winter and summer time
passages have been selected for the calibration part as shown Fig. 5.2 (in blue). The compar-
ison between the initial setup ’A’ as described in the previous paragraph and the observations
is shown in Fig. 5.3. The spatial distribution of brightness temperature differences (obser-
vation - model) shows a good coverage of calibration data for North America. In South
America, one transect including the Amazon region and the Mato Grosso has been obtained
(Figs. 5.3 a,b). The differences for North America can be as large as 40 K and overall, the
modelled TBtoa are characterized by a cold bias. The maps suggest that the differences
over mountain areas and the Western US are generally larger than over the Central US. The
scatter plots reveal a correlation of 0.66 and a bias of 19.4 K for the South America data
(Fig. 5.3 d). The data pairs over North America exhibit a correlation of 0.22 and a bias of
12.9 K.

Figs. 5.3a,b suggest a brightness temperature difference dependency on vegetation type.
Among the various geophysical vegetation parameters the water content has the largest in-
fluence on the computed brightness temperatures. Figs. 5.3e,f show the relationship between
vegetation water content and brightness temperature difference. Points for which ERA-40
indicates snow cover were excluded since it can be assumed that most of the vegetation
and soil were snow-covered. The blue ’plus’-signs indicate average values for binned data
at a 0.5kg m−2 interval. For North America differences exceeding 40 K are obtained for
sparsely vegetated areas. With increasing vegetation water content, the differences decrease
to ∼ 10 K. For the tropical forest in South America the differences between observed and
model TBtoa appear to be independent from the vegetation water content and have values
around 20 K.

To increase the model brightness temperatures, the roughness is increased to σ/L =
0.36. to 0.77 cm. This is an average value, which is well covered by observations used
to derive the roughness parameterization by Wigneron et al. (2001). The corresponding
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Figure 5.3: Comparisons between observed and modelled brightness temperatures (CMEM
setup ’A’; Table 5.2): The spatial distribution of observed TB - modelled TB for North
America (a) and South America (b), the corresponding scatterplots (c,d), and brigthness
temperature differences as a function of vegetation water content (e, f). Blue crosses repre-
sent mean values for binned data.
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Figure 5.4: Difference between observed and modelled brightness temperatures for the
CMEM setups B to E (from top to bottom) as described in Table 5.2. 69
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roughness height h is 0.77. In addition, the single scattering albedo for high vegetation
types has been reduced to 0.05. A global data set for the single scattering albedo does not
exist and experimental data of this parameter at L-band are limited. However, Ferrazzoli
et al. (2002) found ω values ranging from ∼ 0.05 to ∼ 0.15 to be applicable with semi-
empirical models as described by Eq. 5.4 to 5.2 for branch water contents of 7.5 kg m−2.

This modified model setup is summarized as ’B’ in Table 5.2. The brightness temper-
ature comparison for model setup ’B’ is shown in Figs. 5.4 a,b. The bias for North and
South America data pairs has been reduced to -7.3 and -8.1 K respectively. The correlation
between observations and model results is higher for North America and slightly lower for
South America when compared against the results from model setup ’A’. As one would
expect, the winter time observations from January 14 are least affected by the changes in
roughness and vegetation. It is worth noting that the dynamic range in modelled brightness
temperatures has hardly changed; the model data show substantially less variability than the
observations.

For model setup ’C’ the modified parameterization for the computation of h including
the soil moisture dependency has been selected (Wigneron et al., 2001). For a σ/L ratio
of 0.36 h values from ∼ 0.45 to ∼ 1.25 are obtained for soil moisture values of 35 % and
3 %, respectively (Wigneron et al., 2001). Again, the bias and rms errors over North and
South America are reduced (Figs. 5.4 c,d). In addition, the dynamic range in the modelled
brightness temperatures is slightly increased.

In the subsequent CMEM setups the vegetation parameterization by Kirdiashev et al.
(1979) has been used. For configuration ’D’ a geometrical structure coefficient ageo of 0.33
has been assigned for low and high vegetation types (Fig. 5.4 e,f). The North American
data sets agree rather well with a correlation coefficient of 0.6 and bias below 6 K. Over
South America the modelled TBtoa are too low when compared against the corresponding
observations. In configuration ’E’ the vegetation water content for tropical forest has been
increased to 10 kg m−2 and the structure coefficient ageo has been increased to 0.66 for high
vegetation types, although this value is more appropriate for isotropic leaves (Wegmüller
et al., 1995). This setup performs best since it yields acceptable biases over both continents.
In addition, the dynamic range of the modelled values is comparably large (Figs. 5.4 g,h).

Observations from five overpasses have been used to validate CMEM setup ’E’ (Fig.
5.2, red tracks). For North America the reference configuration ’A’ results in systematic
and random errors that are comparable to the values obtained for the calibration overpasses:
The bias is 9.38 K and the rms error is 14.2 K. With configuration ’E’ these values are
reduced to 2.03 K and 11.4 K, respectively; the correlation coefficient is 0.67 (Fig. 5.5).
Setup ’E’ does not improve the modelled brightness temperatures for January 24. This
overpass crosses the US from the northwest to the south east during winter time. A large
part of these areas are likely to be covered with snow and this is not well covered by the
calibration data set.

Over South America the calibrated CMEM brightness temperatures compare very well
with the observations. For the bias and the correlation coefficient values of -2.4 K and 0.75
have been obtained (Fig. 5.6). For three ERA-40 grid boxes over the Amazon region the
modelled brightness temperatures are more than 16 K higher than the corresponding obser-
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Figure 5.5: Validation results for North America: (a) and (c) show brightness temperatures
based on CMEM configuration ’A’; results presented in (b) and (d) have been obtained form
configuration ’E’.

vations. The northern most data pair (Fig. 5.6 a,b) showing a difference of 22 K includes
the ’Serra da Mocidade’ plateau and the ’Rio Branco’, the footprint further to the south is
strongly influenced by the ’Rio Negro’ and the most southern data pair is located over an
extended swamp area, the ’Ilha Tupinambarama’. It is likely that these complex terrains
with a significant amount of open and vegetation covered water bodies are not represented
correctly by the land surface scheme in ERA-40. If the data points were excluded from the
analysis the values for correlation coefficient, bias, and rms would be 0.83, -0.93 K, and 4.2
K, respectively.
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Figure 5.6: Validation results for South America: (a) and (c) show brightness temperatures
based on CMEM configuration ’A’; results presented in (b) and (d) have been obtained form
configuration ’E’.

5.3.6 Error Discussion

The calibration study shows that although it is feasible to reduce the bias between the mod-
elled brightness temperatures and the observations, other systematic differences remain
present. With the current TESSEL / CMEM setup it has not been possible to model the
observed dynamic range of brightness temperatures. The observations seem to be charac-
terized by higher spatial and temporal variabilities. This is a well known feature, which can
be related to the difference in the vertical resolution of both data sets. Wilker et al. (2006)
showed that for a given mean soil moisture value different vertical profiles in the top 7 cm
layer can result in brightness temperature differences exceeding ± 5 K.

Another major source of uncertainty is introduced through the vegetation data set. The
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ECOCLIMAP data represent an annual cycle but does not take interannual variability or
variablity on short time scales into account. The ECOCLIMAP data is based on recent
satellite observations, changes in vegetation cover since 1973 are not accounted for. In
addition, ERA-40 adopted a different vegetation data set, which can lead to local incon-
sistencies with geophysical parameters, e.g. soil temperature. However, this is a common
problem in many retrieval and forward modelling approaches where data sets from different
sources have to be combined.

The observations over South America also reveal potential problems with the treatment
of water bodies, i.e. lakes, rivers, and swamps, in the NWP model fields and the microwave
emission model. Although an accurate estimate of the fractional coverage of static open
water can be obtained for each model grid box and satellite footprint from high resolution
land cover data sets, it is hardly possible to determine the corresponding surface temperature
and salinity. In ECMWF’s IFS a model grid box is treated as land if the fractional coverage
of water is less than 50 %. As a consequence, water bodies up to 5500 km2 can not be
described correctly at ERA-40 resolution.

Potentially, the different spatial resolution of the satellite observations and the ERA-40
grid boxes and the matching procedure described above can introduce errors as well. To
estimate the errors of the spatial aggregation procedure a subset of data pairs with ERA-40
grid boxes which are represented by at least 50 Skylab observations has been extracted. This
number of observations results in a track of 125 km and ensures that the model grid box is
well covered by measurements. The changes in rms errors and biases were marginal when
only the subset of data pairs were analysed; the results and conclusions did not change.

5.4 Uncertainties in the radiative transfer model

The different approaches to many of the modules in CMEM reflect uncertainties in the
parameterization of the radiative transfer model. The modular design of CMEM makes it
well suited to quantify the sensitivity of the top-of-atmosphere brightness temperature to
parameterization choices in a specific module. This section will study the sensitivity of
CMEM at L-band to the parameterization of the modules for the: (1) dielectric constant, (2)
effective temperature and, (3) vegetation opacity. Table 5.3 summarizes the default CMEM
set up, optional parameterizations, and assigned values for individual parameters. We focus
on horizontally polarized TBtoa at 50◦ incidence angle as calculated from output from the
operational deterministic forecasting system at T511 spectral resolution.

Setup ’E’ (Table 5.2) will be used in the following as the default configuration. Fig.
5.7 shows an example of the synthetic L-band brightness temperature at horizontal (a) and
vertical polarization (b) with an incidence angle of 50◦ for July 1, 2005. These maps show
what range in temperatures from sea water to ice and land areas can be expected from
SMOS.
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Table 5.3: Default model configuration for L-band and optional modules. All modules are
described in section 5.2. Vegetation parameters include values for low and high vegetation
(L,H).

Components Default Module Optional Modules
Teff Wigneron et al.

(2001)
Holmes et al.
(2006)

Choudhury et al.
(1982)

εs Dobson et al.
(1985)

Wang and
Schmugge (1980)

rs Fresnel law Wilheit (1978)
rr Wigneron et al.

(2001) (Eq. 5.9)
Wegmüller et al.
(1995)

Wigneron et al.
(2001) (Eq. 5.8)

Choudhury
et al. (1979)

vegetation Kirdiashev et al.
(1979)

Wigneron et al.
(1995a)

Wegmüller et al.
(1995)

snow Pulliainen et al.
(1999)

atmosphere Pellarin et al.
(2003a)

Liebe (2004)

Parameters Default L-MEB Setup LSMEM Setup
Ss [psu] 0 0 0.65
Sv [psu] 6 6 6
Ssea [psu] 32.5 32.5 −
rr- module Wigneron et al.

(2001) (Eq. 5.9)
Wigneron et al.
(2001) (Eq. 5.8)

Wegmüller et al. (1995)

s/Lc[cm] s/Lc = 2.2/6.0 s/Lc = 0.15/6.0 -
σ [cm] - - σ = 0.5
Q [−] 0 0 f(σ)
Nrp [−] 0 0 2
V WC [kgm−2]
(L,H)

f(vegtype) f(vegtype) (1.0, 4.0)

ω [−] (L,H) (0.05, 0.05) (0. to 0.05, 0.15) (0.05, 0.05)
vegetation module Kirdiashev et al.

(1979)
Wigneron et al.
(1995a)

Wegmüller et al. (1995)

ageo or b [m2kg−1]
(L,H)

ageo =
(0.33, 0.66)

b = (0.2, 0.33) b = (0.33, 0.33)

5.4.1 Dielectric constant

The influence of the two different models on the dielectric constant of wet soils has been
studied based on modelled TBtoa. The difference between modeled brightness temperatures
calculated with the Wang and Schmugge (1980) model and the Dobson et al. (1985) model
is illustrated in figure 5.8. This difference is calculated for horizontally polarized TBtoa at
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Figure 5.7: L-band brightness temperature, horizontal (a) and vertical (b) polarization at
50◦ incident angle for July 2005, using the default CMEM setup.

50◦ incidence angle for July 1, 2005 at 12:00 UTC.
In general, the Dobson model yields higher dielectric constants than the Wang and

Schmugge model, which translates into lower brightness temperatures and positive differ-
ences in Fig. 5.8. For large areas of the globe the differences do not exceed 5 K. However,
in dry regions with sandy soils the difference can reach 20 K, see for example North Africa

75



Chapter 5. A global simulation of microwave emission

40°S

20°S

0°

20°N

40°N

60°N

80°N

-5 -1 1 5 10
(K)

15 20 25

40°S

20°S

0°

20°N

40°N

60°N

80°N

40°S

20°S

0°

20°N

40°N

60°N

80°N

b

c

a

160°W 120°W 80°W 40°W 0° 40°E 80°E 120°E 160°E

160°W 120°W 80°W 40°W 0° 40°E 80°E 120°E 160°E

160°W 120°W 80°W 40°W 0° 40°E 80°E 120°E 160°E

Figure 5.8: L-band Brightness temperature sensitivity at horizontal polarization and 50◦

incidence angle to: (a) the dielectric model (difference Wang and Schmugge (1980) - Dob-
son et al. (1985)), (b) effective temperature (difference (citewign:01 - Wilheit (1978)), (c)
vegetation model (Wigneron et al. (1995b) - Kirdiashev et al. (1979)). Except for the mod-
ule tested, the default configuration is used and the ECOCLIMAP vegetation database. This
image is for July 1, 2005 at 12:00 UTC, evening time in Asia, day time in Africa and Europe
and morning in the Americas.
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and Saudi Arabia. It has been found in earlier studies that the Dobson model does not fully
account for the (reduced) dielectric properties of bound water at low moisture content (Dob-
son et al., 1985; Owe and Van de Griend, 1998). The mean difference of the global field is
4 K.

5.4.2 Effective Temperature
The default effective temperature model for L-band (Wigneron et al., 2001) has been de-
rived in combination with the Dobson model 1985 for the dielectric constant. As already
discussed above, the parameterization of the effective temperature is a simplification of Wil-
heit’s effective temperature model Wilheit (1978) that should be used with more than 20 soil
layers. By comparing the Teff as calculated by the two models the error introduced by the
approximative parameterization can be quantified. It should be noted that due to the limits
of the IFS only one extra modelled temperature depth is introduced for the Wilheit model,
at 14 cm and two extra moisture depths at 14 and 26 cm. This analysis can therefore only
give information about the effect of adding gradients below 3.5 cm soil depth.

Fig. 5.8b shows the difference (Wigneron et al. (2001) - Wilheit (1978)) between the
modelled effective temperatures. In the morning and evening the Wigneron model estimates
the Teff very accurately, the difference rarely exceeds 1 K. During day time, the near sur-
face temperature gradients are stronger, especially in dry and sparsely vegetated regions. In
this case, the Wigneron model overestimates the Teff by up to 6 K, e.g. in North Africa.
With surface emissivities of ∼0.9 this error in the effective temperature translates into a
maximum 5 K error in brightness temperature. However, at the SMOS overpass times at
6 AM and 6 PM local time, the uncertainty introduced by the effective temperature model
appears to be small. This conclusion is supported by field measurements from the Southern
Great Plains experiment, which resulted in mean soil temperature gradients of less than 1 K
in the top 5 cm layer in the morning Wilker et al. (2006).

5.4.3 Vegetation Opacity
Three different vegetation models are coded in CMEM to calculate the vegetation opacity
(see Table 5.3). All of these models relate τv primarily to V WC, but differ in the sensitivity
of the resulting TBtov to V WC.

The difference between horizontally polarized brightness temperatures computed from
the Wigneron parameterization and the Kirdyashev model are shown in Fig. 5.8c. The
Wigneron model results on average in an 8 K higher TBtoa,H , and up to 25 K higher in the
temperate zones of Europe and North America.

The sensitivity of TBtov to V WC according to the three vegetation models is shown in
Fig. 5.9. All the models show a clear break at V WC = 3kgm−2, this is caused by different
parameterizations of ageo and b for low and high vegetation. At low moisture values, all
models are relatively insensitive to the V WC because the difference between TBs and TBv

is comparably small. At high soil moisture, the difference between TBs and TBv is much
higher and so is the sensitivity to V WC. According to the Kirdyashev model 1979, a
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Figure 5.9: Sensitivity to V WC for the three vegetation models at L-band, 50◦ incidence
angle and horizontal polarization. Solid lines show the TBtov for V SM = 0.05 and gray
lines for V SM = 0.40. Except for the vegetation module, the default configuration is used
(see Table 5.3).

change of 1 kg/m2 in vegetation water content results in ∼7.5 K difference in brightness
temperature. The same change in V WC would result in ∼12 K difference according to
the Wigneron model 1995b and ∼3 K according to Wegmüller’s model 1995. Wigneron’s
vegetation model is in this configuration the most sensitive and saturates at lowest V WC
value, whereas Wegmüller’s model is the least sensitive. As shown in the calibration study
with Skylab observations (Section 5.3.5), the root mean square error was reduced when the
Kirdyashev model was used.

5.5 Sensitivity to Auxiliary Data Sets
CMEM relies on static input fields for the global distribution of vegetation characteristics
and land cover. The sensitivity of the TBtoa to vegetation data is studied by looking at the
seasonal patterns in two different data sets. The configuration of the vegetation component
is kept unchanged, using the vegetation model by Kirdiashev et al. (1979).
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Figure 5.10: Mean difference in V WC [kg/m2], ECOCLIMAP - ECMWF, for July 2005.
The V WC per grid box is the average of the high and low vegetation water content accord-
ing to Table 5.1 multiplied by the respective biome cover.

The first global database is the one used in the ECMWF’s tiled land surface scheme Van
den Hurk et al. (2000) as described previously. As already mentioned above, there is neither
a seasonal cycle in LAI nor in biome cover. The second available vegetation database is
ECOCLIMAP Masson et al. (2003). This is the most recent of the two vegetation databases
and has 215 ecosystem types based on a combination of existing land-cover and climate
maps with satellite data. In ECOCLIMAP, each biome is associated with an annual cycle
of LAI. Biome cover (BC) is a constant 95% or 99% for all ecosystems, with the notable
exception of crops where it is related to LAI (BC = 1 − exp(−0.6 · LAI)) and therefore
changes through the year.

These two databases have different estimates of LAI , biome cover and bare soil fraction
which result in different estimates of V WC. To give one example, Fig. 5.10 shows the
difference in V WC for July. The difference is generally lower then 1.5 kg/m2, but in the
(sub-) tropical regions, ECOCLIMAP results in a higher V WC by up to 4 kg/m2.

Brightness temperature differences (ECOCLIMAP - ECMWF) have been computed for
the first day of each month in 2005. Fig. 5.11a,b show the ∆TBtoa for July 1 and December
1, 2005. The differences mainly vary between +10 and -10 K, but some regions show a
substantially higher systematic difference (e.g. parts of South America or South Africa). In
the northern latitudes, the ECOCLIMAP based brightness temperatures are up to 20 K lower
in the winter, but up to 10 K higher in the summer. This annual cycle can be attributed to
the annual cycle in the LAI and vegetation cover in ECOCLIMAP. Comparable brightness
temperature differences are obtained throughout the year. Only areas that are dominated
with high vegetation do not show a strong seasonal cycle because the V WC is defined as a
constant for these biomes.
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Figure 5.11: Difference in L-band TBtoa,H , ECOCLIMAP - ECMWF, for July 1 and De-
cember 1, 2005 and the mean difference for the whole year, as calculated with the vegetation
model of Kirdiashev.
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The ECMWF vegetation data set has been designed to represent average vegetation con-
ditions and large differences in brightness temperatures can be expected for certain regions
and periods when seasonal variability is introduced. It is therefore interesting to compare
annual mean brightness temperatures as well. When the twelve daily maps are averaged the
TBtoa difference is somewhat lower but still significant (Fig. 5.11c). The differences due
to temporally changing LAI are reduced through the temporal averaging, but the regions
with a systematically high difference are hardly affected. On average, the TBtoa is 4 K
lower when ECOCLIMAP is used in stead of ECMWF. Maximum differences can reach
20 K: ECOCLIMAP has much higher high vegetation coverage than ECMWF in Portugal,
New Zealand and parts of Siberia leading to TBtoa differences of +15 K. On the other hand
ECOCLIMAP has much lower high vegetation coverage in Ireland and the Southern coast
of West-Africa which results in values of -20 K.

This strong vegetation effect can be explained by the high sensitivity of the vegetation
models to the V WC, especially for low vegetation (Section 5.4). Different estimates of
LAI for low vegetation, the difference in cover of low vegetation versus high vegetation
and bare soil frequently translates into V WC differences of several kg/m2 for individual
tiles (Fig. 5.10). Depending on the vegetation model, this would have an effect of 3 to 12.5
K per kg/m2. Consequently, a vegetation data set that represents seasonal variability is
a basic requirement for the assimilation of SMOS brightness temperatures over areas with
low vegetation.

5.6 NWP Model Uncertainties

First guess soil moisture errors introduced by the model originate from uncertainties in
the forcing data, namely precipitation and net radiation at the surface, and shortcomings
in the physics of the land surface model. In general, these errors are hard to quantify since
reliable independent verification data are not available on the global scale. Error propagation
studies based on randomly perturbed forcing data have been used to define the impact of
uncertainties in a single parameter. With respect to soil moisture, most of these studies
focussed on precipitation (e.g. Wilker et al., 2006; Margulis and Entekhabi, 2001). However,
an error propagation study for brightness temperatures should take into account a large
number of variables; the individual errors should be correlated and physically consistent.

Ensemble prediction systems (EPS) are practical tools designed to assess the predictabil-
ity of the daily atmospheric flow (Palmer et al., 2005; Zhu, 2005). More generally, they can
be used to predict the time evolution of the probability density function of forecast states.
Ensemble systems should be designed to simulate the effect of all sources of forecast er-
rors. In particular, they should simulate the effect of uncertainties in the knowledge of the
initial state of the system and the effects of the approximations made in numerical weather
prediction models. In this section, we study the variability in TBtoa that is associated with
the uncertainty in the initial state of the EPS. The variance in TBtoa calculated from the 50
members of the EPS will be used as a qualitative indicator of regions where both; the uncer-
tainty in initial conditions is high and; the sensitivity of a satellite-borne L-band radiometer
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Figure 5.12: Mean of the variances in volumetric soil moisture content [%2] and TBtoa,h

[K2] of day 1 and 15 for every month of 2005 at 12PM.

to soil moisture will be high.
The ECMWF Ensemble Prediction System is one of the most successful global ensem-

ble prediction systems run on a daily basis at T255 spectral resolution Buizza (2006). Since
no initial perturbations are introduced at the surface, we analyse 48-hour forecasts from 12
UTC basetime for day 1 and 15 of each month in 2005. The surface state in the 50 members
will exhibit a low variance in areas with high predictability and a high variance in areas
where the predictability is low. In sparsely vegetated areas where SMOS observations are
most sensitive to soil moisture this variance in soil moisture (and other surface state vari-
ables) will fully translate into brightness temperature variances. Dense vegetation and the
presence of open water bodies will reduce the variance in brightness temperature space.

The average of the 24 variance maps is shown in Fig. 5.12 for vsm (a) and TBtoa,h (b).
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Figure 5.13: Standard deviation in TBtoa,h [K] against standard deviation in volumetric
soil moisture content [%]. The regression lines represent different V WC classes: Sparse
vegetation (V WC < 0.25 kg/m2), low vegetation (1 < V WC < 1.5 kg/m2) and dense
vegetation (3 < V WC < 6 kg/m2).

For large parts of the globe the variance in volumetric soil moisture ranges from 0 to 1.5
%2 with the lowest values in deserts. Areas with higher variance are limited in size and
are most likely related to the impact of one-time events. The uncertainty in soil moisture
does not translate directly into variability in TBtoa,h: In sparsely vegetated areas where
SMOS observations are most sensitive to soil moisture this variance in soil moisture (and
other surface state variables) will fully propagate into brightness temperature variances.
Dense vegetation and the presence of open water bodies will result in a reduced variance in
brightness temperature space.

The effect of vegetation on the sensitivity of the TBtoa,h to soil moisture variations is
illustrated in Fig. 5.13. The standard deviation in TBtoa,h is plotted against the standard de-
viation in vsm. The figure indicates that the sensitivity to soil moisture variations decreases
as vegetation density increases.

The TBtoa,h variances (Fig. 5.12) show clearly the regions where both the initial con-
ditions in NWP are the most uncertain and L-band microwave data have a high sensitivity
to soil moisture. According to this map these regions are between 30◦ and 60◦ North in
both America and Eurasia, in Australia and parts of South Africa. In contrast, large parts
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of South America, Central Africa and South Asia are characterized by low variabilities in
brightness temperatures although the uncertainty in soil moisture is quite substantial.

5.7 Summary and Discussion

The Community Microwave Emission Model has been specifically designed for NWP ap-
plications. CMEM combines a number of different parameterizations as used in L-MEB
and LSMEM for the computation of key quantities in the radiative transfer equations. It is
foreseen to integrate CMEM with the RTTOV software package and use it as the forward
operator in ECMWF’s future surface analysis for the assimilation of SMOS brightness tem-
peratures. This study presents preparatory work on the NWP model - CMEM interface and
an error analysis based on operational output from the Integrated Forecast System.

We focus on errors introduced in the (model-based) first guess L-band brightness tem-
peratures through: (1) Uncertainties in the parameterizations of the radiative transfer model;
(2) inaccurate auxiliary geophysical quantities for the radiative transfer computations; and
(3) an imperfect NWP model producing uncertainties in soil moisture and soil temperature.

It is found that the uncertainties introduced by the parameterizations are largest for the
vegetation model. An average TBtoa,h difference of 8 K was found when the parameteriza-
tion for vegetation optical depth was changed. Maximum values reached ∼25 K. Changing
the dielectric soil model resulted in an average difference of 4 K. Extreme values of 20 K
occurred primarily in the dry North African climates over sandy soils. The effective temper-
ature parameterization did not introduce a significant uncertainty at SMOS overpass times;
only during day time if temperature gradients are steep does the difference exceed 1 K.

The errors introduced through the parameterizations in the emission model can be min-
imized in the calibration process. However, it has to be noted that individual values for
specific geophysical variables, e.g. surface roughness, will not be transferable form one
CMEM configuration to another. For calibration and validation exercises relying on a large
variety of instruments and data sets, this modular emission model can be a valuable tool,
e.g. for the definition of a common reference.

The sensitivity to the auxiliary vegetation database is shown to be very strong. Changing
the data set results in differences in L-band brightness temperatures of −20 to +20 K. The
differences can partly be attributed to the seasonal cycle in LAI, which is not represented
in the current operational ECMWF database. However, for large geographical domains
persistent differences can be found even in the temporally averaged fields. In addition, it
is expected that interannual variations in vegetation will add to local errors in brightness
temperatures.

The results clearly show that using a static vegetation database to represent the vege-
tation layer in an emission model is not appropriate. Secondly, even a vegetation database
that includes a seasonal cycle will place presumptions on the interpretation of observed
brightness temperatures. Over local regions with strong interannual variability it may be
necessary to recalibrate the vegetation parameters on a regular basis, which would limit the
real time accuracy of an operational data assimilation or retrieval system.
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Ideally, the operational emission model should include a dynamic vegetation data base
to separate the vegetation signal from the soil moisture signal. One way to approach this
is to derive optical depth directly from the measured brightness temperatures (e.g. Meesters
et al., 2005). Alternatively, LAI data sets could be used together with microwave brightness
temperatures to analyse vegetation water content and biomass. However, in general infra
red based vegetation data sets like LAI are not available in near real time and the combined
analysis may require long assimilation windows.

The persistent brightness temperature changes in the annual averages suggest that there
are substantial systematic differences in the vegetation data sets. As a consequence, the
calibrated NWP - CMEM model system is highly linked to the vegetation data base that is
used. Changing the database will have to be followed by an extensive re-calibration of the
model system.

Uncertainties in the initial conditions and deficiencies in the atmospheric and land sur-
face model accumulate in soil moisture (Drusch and Viterbo, 2007) and contribute to the
first guess error. These errors are propagated in the modelled brightness temperature, es-
pecially in regions where inaccurate moisture fields coincide with low vegetation. Output
from ECMWF’s EPS has been used to quantify these uncertainties. Regions with bright-
ness temperature variances of up to 20 K2 have been identified between 30◦ and 60◦ North.
Although these errors are substantial it has to be noted that they are small when compared
against the errors introduced through the uncertainties in the description of the vegetation.
Using the EPS data to quantify the first guess errors in brightness temperature space is a
novel approach. It is particulary useful since uncertainties in various geophysical fields are
correlated in a physically consistent way. However, ECMWF’s Ensemble Prediction Sys-
tem only reflects inaccuracies introduced through uncertainties in the initial conditions. In
order to represent inaccurate model physics it would be desirable to analyse output from
multi-model ensembles as well.
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Chapter 6

Summary and Conclusions

Introduction
Observations from Earth-orbiting satellites have been a key component in monitoring cli-
mate change for the past two decades. Because of its cloud penetrating properties and day-
and nighttime observations, passive microwave remote sensing has attracted scientists from
various research fields. Now, with a 30 year historic record available and many more satel-
lite missions planned, passive microwave remote sensing is finding still more applications.
Hydrologists from the Vrije Universiteit Amsterdam and NASA Goddard Space Flight Cen-
ter have collaborated on the development of a soil moisture data set based on this 30 year
record. As part of this effort, the land surface temperature has received much attention.

This thesis addresses the link between the physical temperature and the radiative tem-
perature of the land surface. Improved knowledge of the temperature of the emitting layers
will benefit the retrieval of soil moisture and vegetation density parameters from passive mi-
crowave observations. A model for the near surface temperature profile is developed and a
parameterization for the effective temperature is developed for L-band radiometry. In the fi-
nal chapter, a numerical weather prediction model is coupled with a radiative transfer model
to compute the brightness temperature on the top of the atmosphere. This model facilitates
further research on the radiative transfer model.

Land Surface Temperature
An alternative to thermal infrared satellite sensors for measuring land surface temperature
(Ts) is presented. The 37 GHz vertical polarized brightness temperature is used to derive Ts

because it is considered the most appropriate microwave frequency for temperature retrieval.
This channel balances a reduced sensitivity to soil surface characteristics with a relatively
high atmospheric transmissivity. It is shown that with a simple linear relationship, accurate
values for Ts can be obtained from this frequency, with an accuracy of 1 K for 70 % of
the non desert land areas of the globe. Desert regions cannot be accurately described with
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this method because variable surface conditions become important. The precision of the
retrieved land surface temperature is expected to be between 2 and 3 K. This method allows
the construction of a consistent 30-year land surface temperature history, which would be
an important addition to traditional infra-red derived products. With several microwave
radiometers currently in orbit, this method can also be used to observe diurnal temperature
cycles. Because the partitioning of the surface energy balance is strongly related to surface
temperature, the amplitude of the diurnal temperature variation can be of value for studies
of latent and sensible heat fluxes at a global scale.

Surface Temperature Profiles

Two field data sets are used to study models of near-surface soil temperature profiles in a
bare soil. It is shown that the commonly used solutions to the heat flow equations by Van
Wijk perform well when applied at deeper soil layers, but result in large errors when applied
to near surface layers, where more extreme variations in temperature occur. The reason for
this is that these approaches do not consider heat sources or sinks below the surface. This
thesis proposes a new approach for modeling the surface soil temperature profiles from a
single observation depth. This approach consists of two parts: 1) modeling an instantaneous
ground flux profile based on net radiation and the ground heat flux at 5cm depth; and 2)
use of this ground heat flux profile to extrapolate a single temperature observation to a
complete surface temperature profile. The new model is validated under different field and
weather conditions showing low RMS errors of 1-3 K for wet to dry conditions. Finally,
the proposed model is tested under limitations in input data that are associated with remote
sensing applications. It is shown that these limitations result in only small increases in the
overall error.

Effective Temperature for L-band radiometry

An accurate value of the effective temperature is critical for soil emissivity retrieval, and
hence soil moisture content retrieval, from passive microwave observations. Computation of
the effective temperature needs fine profile measurements of soil temperature and soil mois-
ture. The availability of a two year long data set of these surface variables from SMOSREX
(Surface Monitoring Of the Soil Reservoir EXperiment) makes it possible to study the effec-
tive temperature at the seasonal to inter annual scale. This study shows that present parame-
terizations do not adequately describe the seasonal variations in sensing depth. Therefore, a
new parameterization is proposed that is stable at the seasonal to inter- annual scales while
retaining simplicity.
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Microwave Emission Model

The community microwave emission model is presented that will facilitate research on first
guess errors in L-band data assimilation. A numerical weather prediction model is coupled
with a radiative transfer model to compute the brightness temperature on the top of the
atmosphere. An error propagation study is performed on errors introduced through: (1) the
parameterizations of the radiative transfer model, (2) auxiliary geophysical quantities for
the radiative transfer computations, and (3) an imperfect NWP model. It is found that of the
parameterizations studied, the vegetation model and the dielectric model introduce largest
potential errors. However, the biggest error in brightness temperature is likely related to
the use of an auxiliary vegetation database. These potential errors are often higher then the
variance in the top of atmosphere brightness temperatures as related to an imperfect NWP
model.

As a preliminary calibration/validation study, CMEM has been used to compute global
L-band brightness temperatures at the top of the atmosphere. The input data comprise sur-
face fields from ECMWF’s 40-year Re-Analysis (ERA-40) and vegetation data from the
ECOCLIMAP data set. Modelled brightness temperatures have been compared against (his-
toric) observations from the S-194 passive microwave radiometer onboard the Skylab space
station. Using globally constant values for surface roughness and the structure coefficient
it is possible to get almost bias free brightness temperatures on the continental scale, which
could be used in Best Linear Unbiased Estimate (BLUE) based data assimilation systems.

Perspectives

This thesis leaves open many routes for future research. The land surface temperature, vali-
dated against field sites, will have to be compared to global infra red temperature products.
It is expected that the two methods will be complementary in several ways. First, the Ka
band temperature can possibly be used to screen cloud data from the IRT measurements.
Second, the IRT data can be used to verify and possibly mitigate the bias in the Ka band
temperature. If both of these studies are successful, the IRT and Ka band can possibly be
merged in a superior product with many fewer gaps than the individual products separately.

Modelling temperature profiles at a global scale will present some extra challenges that
have not been addressed at the bare soil sites. Two important ones are that: 1) the course
spatial resolution of the global net radiation products that are currently available, and 2)
expanding the method to vegetated surfaces will require an extra module that accounts for
the reduction in the net radiation arriving at the soil surface. Although vegetation will make
the processes more complex, it also has the effect of reducing the temperature gradients so
that the potential errors will decrease with vegetation.

At the European Center for Medium range Weather Forecasts (ECMWF), the commu-
nity microwave emission model (CMEM) is currently being prepared for the operational
phase. A stand alone version is available for the research community. Potentially, this can
be a platform to compare and discuss new parameterizations and methods.
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An ultimate combination of all the ingredients of this thesis would center around CMEM
and facilitate soil moisture retrieval from the planned L-band radiometer on the Soil Mois-
ture and Ocean Salinity satellite (SMOS). In this approach the IRT and Ka band observa-
tions would be used to obtain the land surface temperature, which is currently inaccurate
in ECMWF’s integrated forecast system (IFS) and not used for CMEM. With the profile
method the 5 cm soil temperature can then be computed. This 5 cm temperature and the
50 cm temperature from the IFS can than be used to calculate the effective temperature for
L-band and use this in the emission model. Because of the large uncertainties related to the
vegetation database and models, it is proposed to use the observed microwave polarization
index directly at L-band to parameterize the vegetation optical depth in the emission model.
In this way, uncertainties in the temperature and vegetation will be limited and the data
assimilation can focus on adjusting the soil moisture values.
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