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Abstract. Improved Odin-SMR retrievals of upper tropo- 1 Introduction

spheric water are presented. The new retrieval algorithm re-

trieves humidity and cloud ice mass simultaneously and takeé\lthough upper tropospheric water vapour and cloud ice
into account of cloud inhomogeneities. Both these aspectgnass are keys to the prediction of future climate, knowl-
are introduced for microwave limb sounding inversions for edge of these parameters in the present atmosphere is limited
the first time. A Bayesian methodology is applied allow- (John and Soder2006. Satellite observation techniques are
ing for a formally correct treatment of non-unique retrieval important for obtaining global and temporal information on
problems involving non-Gaussian statistics. Cloud structureatmospheric parameters. Traditional sensors, mainly oper-
information from CloudSat is incorporated into the retrieval ating in the visible and infrared region, are well suited for
algorithm. This removes a major limitation of earlier in- observing cloud top altitude, frequency of occurrence, and
version methods where uniform cloud layers were assumediumidity for cloud free conditions, but they fail to penetrate
and caused a systematic retrieval error. The core part o¢louds. This is necessary to get information of the total cloud
the retrieval technique is the generation of a database thd¢e mass and humidity in cloudy regions.

must closely represent real conditions. Good agreement with It has been suggested that cloud ice mass may be esti-
Odin-SMR observations indicates that this requirement ismated by down-looking sub-millimetre radiometrigvans
met. The retrieval precision is determined to be about 5-and Stephensl995 Buehler et al. 2007), where the cloud
17% RHi and 65% for humidity and cloud ice mass, respec-penetration capability is good and the measured signal is gen-
tively. For both quantities, the vertical resolution is about erated by interaction with cloud particles carrying a domi-
5km and the best retrieval performance is found betweemant part of the cloud ice mass. Even though no such in-
11 and 15km. New data show a significantly improved strument exists in space, the two limb-sounding instruments,
agreement with CloudSat cloud ice mass retrievals, at thédin-SMR Murtagh et al. 2002 and Aura-MLS (Vaters
same time consistency with the Aura MLS humidity results et al, 2006 Wu et al, 2006 operate in a similar manner

is maintained. The basics of the approach presented can #nd can determine upper tropospheric humidity and cloud ice
applied for all passive cloud observations and should be ofmass simultaneously. Another interesting cloud sensor is the
broad interest. The results can also be taken as a demonstrapicrowave Cloud Profiling Radar (CPR) on-board CloudSat
tion of the potential of down-looking sub-mm radiometry for (Stephens et 12002 which provides high quality cloud re-

global measurements of cloud ice properties. flectivity measurements.
Odin-SMR is a passive sub-mm limb sounding radiometer

operating near to 500 GHz. However, for low tangent point
measurements the observation geometry can be regarded as
slant angle down-looking, since strong water vapour ab-
sorption makes the lower part of the atmosphere opaque.
For clear sky spectra brightness temperatures are approx-
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mainly through the scattering process, which acts to reduce The novelty in this article is the practical demonstration on
the radiance measured. Simple retrieval schemes for clouthe use of CloudSat data to constrain retrievals of cloud ice
ice mass and humidity from Odin-SMR observations havewater content profiles from microwave radiometry. In addi-
previously been reportedEfiksson et al. 2007 Ekstidm tion, the retrieval method is successfully applied on globally
et al, 2007). real data for the first time. It has previously only been used
A common problem for all passive observations is that thefor case studiesSeo and Liy2005 McFarlane et a).2002
cloud properties are not homogeneous within the sampledEvans et al.2005 and instrument concept studiegiriner
volume. This was found to be a major retrieval uncertainty et al, 2008 Evans et al.2002. The development is moti-
for Odin-SMR Eriksson et a].2008. The importance of in-  vated by the need to improve the Odin-SMR retrievals, but
homogeneity depends on the details of the observations, buhe methodology should be of general interest since it can be
itincreases with the non-linearity of the relationship betweenused for any similar instrument.
cloud properties and measurement signal. If there is a non-
linear relationships between the amount of cloud ice mass
and measurement signal, a homogeneous cloud field wil2 Non-Gaussian Bayesian retrieval methodology

have a greater impact on the measurement signal than an in- ) o . .
homogeneous cloud field with the same amount of ice masd N€ goal of this article is to design an improved method for

within the volume sampleddavis et al, 2007). A system- retrigving upper t.ropospheric ice water content and hgmidity
atic retrieval error may be introduced if homogeneous cloudd’rofiles from Odin-SMR measurements. Three basic con-
are assumed, which previously have been called beamfillingiderations are that the retrieval problem is non-unique and
errors Kummerow 1998. The impact of cloud inhomo- non—lm_ear, anq t.hat upper trop_os_p_herlc wqter exhibits non-
geneities must at least be characterised, or better, be incoffaussian statistics. Since a priori information to handle the
porated into the retrieval process. This opens up for a veryioN-uniqueness aspect exists, a Bayesian retrieval approach
important indirect use of CloudSat data that can be used t¢° Suitable. Following the Bayes theorem, the conditional ex-
improve on the accuracy of passive cloud measurements. Pectéd value of the state vectar) (s retrieved as

The objective of this article is to develop a retrieval al- xP(y|x)P(x)
gorithm that combines Odin-SMR measurement information* = fo(xly)dx = f P
with accurate a priori data from CloudSat and complemen- Y
tary data sources. This is to enable combined profile rewherey is the measurement vectdt(x|y) is the conditional
trievals of tropical upper tropospheric humidity and ice wa- probability density function (PDF) of giveny, P(x) is the
ter content where cloud inhomogeneity effects are handlegrior PDF ofx, P(y|x) is the conditional PDF oy givenx,
as accurately as possible. The retrieval approach selecteahd P (y) is the prior PDF of the measurement. A direct ap-
is Bayesian Monte Carlo integratiofEans et al. 2002, plication of Eq. () would require integration over the whole
where the Bayes theorem is used to retrieve the conditionastate space, which is a too demanding operation for most sit-
expected value of the atmospheric state for a given measuresations.
ment. The Bayesian Monte Carlo integration retrieval algo- For non-linear and non-Gaussian inversion problems, such
rithm is based on a pre-calculated retrieval database, consisés the one faced here, several methods to solve Eex¢
ing of atmospheric states and corresponding synthetic meast. Markov chain Monte Carlo (MCMCTamminen and
surements. The atmospheric states in the retrieval databad¢yrola 2001), Bayesian Monte Carlo integration (BMCI,
are created using a priori data and the retrieval algorithm efEvans et al.2002, neural nets (NNJimenez et al.2003,
fectively interpolates between the states that approximatelyand non-linear regression (NLR) methods are some exam-
match the measurement to be inverted. ples. MCMC provides a discrete representationPek|y),

The focus of the paper is to present how such a retrievalvhich could be used to solve Edl)( The BMCI, NN, and
database can be constructed. A major consideration is thdliLR methods make use of a discrete representation of the
the atmospheric states in the retrieval database should bs&tate and measurement spaces through a retrieval database, in
realistic and correctly distributed. A method for creating order to approximately solve Edql)( One fundamental dif-
such a retrieval database for 1-D atmospheric states was préerence between the approaches is that BMCI, NN, and NLR
sented inRydberg et al(2007. The methodology has been use a pre-calculated retrieval database, whereas MCMC re-
extended to create 3-D atmospheric states, as required tguires new radiative transfer simulations for each inversion.
resolve cloud inhomogeneity effects. Realistic 3-D atmo- For this reason, the MCMC method is too costly for this ap-
spheric states are generated by combining 2-D radar refleglication.
tivity measurements from the CPR on CloudSat, in situ mea- A common requirement for applying BMCI, NN, and NLR
surements of cloud microphysics, weather data, and climatois that a retrieval database matching reality with sufficient ac-
logical data. A state-of-the-art radiative transfer simulator iscuracy must be created. NN and NLR involve a second crit-
used to simulate the instrumental measurement correspondeal step where a mapping function is derived. This can po-
ing to the atmospheric states generated. tentially result in information being lost. The main drawback

dx, Q)
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of BMCl is that the size of the retrieval database needed in- The sensitivity of the retrieval to the true states0x/0x,
creases very rapidly with the dimensionality of the measure-is a matrix that contains information on the response and ver-
ment space. The method requires that the synthetic measuréeal resolution of the measurements, but is not a product that
ments in the database fill the measurement space observéde selected retrieval method provides directly. However,
by the sensor with sufficient density. The database must holdby assuming the retrievals to be close to linear, an average
at least a handful of cases that match any real measuremenstimate ofA can be obtained indirectly from the retrieval
considering the error margins caused by noise and other oldatabase and Eq. (3.12) Rodgerg2000:
servation uncertainties. For example, consider a hypothet-
ical case where 100 cases are needed to fill the measurd-= ¥a T AX — Xa), ®)
ment space for each independent channel of a sensor.
n independent channels, 100ases are then needed to fill
the retrieval database.

The BMCI method has been selected due to its conceptual _ ((AXAXT)*lAXAf(T)T ’ (6)
clarity, direct link to probability theory, and that the dimen-
sionality of the measurement space of concern is relativelyyhere
small. In the BMCI method, Eql] is solved practically by

I:%herexa is the mean state of and measurement noise is
ignored. With some rearrangements of Eq. (5) one obtains

transforming it into a Monte Carlo integratioB\ans etal. ~ AX = [£1 — X4, £2 — Xq. ..., £, — X4 (7)
2002:
2 and
j@M 2) AX =[X1 — X4, X2 — Xg, ..., Xn — Xql. (8)
Zi P(yl|xi)

The sum of the diagonal & gives the degrees of freedom
where the summation is performed over statesampled  for the signald, (Rodgers2000),
from P(x). In practice, the summation is performed over
the states in the pre-calculated retrieval database and it is inds = 1r(A), 9)

portant that the atmospheric states in the retrieval databasvv%hich can be interoreted as the number of independent quan-
are sampled fronP(x). From Eq. R) it is clear that the P P q

SRR tities that we can extract from the observation system.
BMCI method works for all types of a priori distributions, . : . )
o As already mentioned, the crucial part of inverting mea-
although one must sample from the correct distribution. The

. . ; : surements using the BMCI method is to create a retrieval
retrieved state is a weighted average over all states in th

database, where the weigh((y|x;)) of each state depends %atabasg conS|st|ng of atmospheric staig} 4nd the cor
) . _responding synthetic measuremenp) (for each state. The
on the noise of the measurement and how closely the sim-~"" ; .
: retrieval methodology can be summarised as (Eig.
ulated measurement is to the actual measurements. If one

assumes that the measurement noise is distributed in a Gaus-— An atmospheric database Consisting of 3-D atmospheric

sian manner, which is often the case, ti&(y|x;) in Eq. ) states is created based on a priori information. The at-

can be expressed as mospheric states in the database should be distributed
according to IPx), also covering extreme cases, and in-

P(ylx:) ~ exp (_ (y— Fax)TSy - F(xi))> 3) clude all atmospheric arjd sensor parameters that. affect

2 ’ the measurements. To include extreme states is impor-

tant as the retrieval algorithm (E¢g-4) can not extrap-
where F(x;) is the simulated measurement vector for state olate. This, as the retrieved state is a weighted average
x; andS, is the measurement noise covariance matrix. The of all states in the database. Thus in practice, the num-

error estimate, the conditional expected covariance m&trix ber of extreme states in the database should be larger,
is obtained by rather than smaller, than in reality.
5 . AT P — The atmospheric states together with sensor character-
= | & =B —x) Plxly)dx istics are fed into a radiative transfer model to simulate
(4) a synthetic measurement for each state.
o X = )X - P(ylxi) — Real measurements, together with the generated re-
> i P(ylxi) ' trieval database are given to the retrieval algorithm. This

] . ] algorithm integrates over the states in the database ac-
Hence, once the retrieval database is calculated, one can in-  ¢oding to Bayes theorem to provide an estimate of the

expensively invert measurements by the use of Egafd state.
Eq. @), since the equations do not involve any heavy calcu-
lations.
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3.2 Cloud, weather, and atmospheric a priori data

A priori data:
Cloud structure and microphysics
Weather data
Trace gases

Measurements from

PN The a priori data described below are used as input to create

the retrieval database.

3.2.1 CloudSat

Atmospheric state generator model:
Create realistic varying
atmospheric states

CloudSat is a satellite designed to measure the vertical struc-
ture of clouds from spacé&{ephens et 3l2002. The satel-
lite has a 13:40 ascending node, sun-synchronous orbit at
705 km altitude. CloudSat carries a 94 GHz, 0.b6-nadir-
looking Cloud Profiling Radar (CPR) which measures the
power back-scattered by clouds as a function of distance
from the radar. The standard data product consists of 125 ver-
tical bins that are 240 m thick, while the vertical resolution of
the radar is approximately 500 m. Each profile is generated
over a 160 ms integration time with a 6 dB footprint resolu-
Fig. 1. Block diagram describing the retrieval methodology. tion of approximately 1.3 km across-track and 1.7 km along
track. The minimum detectable equivalent radar reflectivity
is approximately-30 dBZ and the dynamic range is 70 dBZ.
3 Observations and a priori data This study uses radar reflectivities from the 2B-GEOPROF

product version 011 provided by the CloudSat Data Process-
This section describes the data involved in the study. The aiming Center.

of the study is to retrieve tropical upper tropospheric water
from Odin-SMR measurements by combining measuremen.2.2 Cloud ice microphysics
information with a priori data.

Inversion model:
Retrieve geophysical
parameters from Odin-SMR
measurements

Radiative transfer model:
Simulate Odin-SMR measurements
for the atmospheric states

Cloud ice microphysics refers here to ice particle sizes and
3.1 Odin-SMR observations shapes. A cloud ice particle size distribution parameterisa-
tion derived byMcFarquhar and Heymsfield 997 is used

The Odin satellite was launched in February 2001 intoto describe the particles size variation. This parameterisa-
a 600km quasi-polar sun-synchronous orbit, with ascendtion is based on tropical in situ measurements. Particle shape
ing node around 18:00h. The payload includes the firstassumptions are discussed in Sdct.2
space-borne sensor for atmospheric sub-mm observations,
Odin-SMR. This limb sounding instrument measures thermal3.2.3 Weather and atmospheric data
emission at frequencies around 500 GHz. The atmospheric o
signal is recorded through a 1.1 m telescope, single-sidebangémperature, humidity, and ozone data are taken from the
heterodyne receivers, and two auto-correlation spectrometefSCMWF-AUX product, version 008, provided by the Cloud-
with 800 MHz bandwidth. Eurther information can be found Sat Data Processing Center. Atmospheric gas concentrations
in Murtagh et al(2002 andEkstm et al.(2007). of Oz, Np, CIO, and HNQ are taken. from a trop_ical cI.ima—

Only measurements (level 1b, v6) collected insic&o° tology (Fascod), and O from an Odin-SMR derived clima-
in latitude are considered here. Also, only low tangent pointt0/0gy-
measurements are included, as this greatly reduces the com-
pl_exity of the opservation geometry. For measured Spectrdy  ~onstruction of retrieval database
with tangent altitudes below9 km, the atmosphere around
the tangent point acts as a blackbody background, due ta.1 Construction of atmospheric states
strong water vapour absorption. The observation geometry
can be seen as a slant down-looking geometry, where th&he generation of atmospheric states can be summarised as
sampling volume inside the troposphere is a tilted cylinder(Fig. 2):
with approximate dimensions ofx2x45kn?. Relation-
ships between atmospheric variables and observed bright-
ness temperatures, and other details of the measurements, are
treated in detail byekstiom et al.(2007) andEriksson et al.
(2007).

— A 2-dimensional (2-D) cloud radar reflectivity measure-
ment is fed into a Fourier transform algorithm that gen-
erates a stochastic 3-D radar measurement fiéda
ema et al.2006.

— The 3-D radar measurement field is combined with tem-
perature data and a particle size distribution parameteri-
sation, and fed into a cloud generator model. The output

Atmos. Meas. Tech., 2, 62637, 2009 www.atmos-meas-tech.net/2/621/2009/
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of the cloud generator model is a 3-D field of ice water
content and underlying particle size distributions, with
conserved radar backscattering properties.

The 3-D cloud field, together with weather data and cli-
matological information of trace gases are passed on to
an atmospheric scene generator model. This model gen:
erates 3-D gas and temperature fields, where fine scale
structure are added to the fields to account for variability
not resolved by the data sources.

4.1.1 Cloud structures

Cloud states are generated in a series of steps, where the fir:
step deals with obtaining 3-D cloud structures. Detailed in-
put data are required to obtain realistic 3-D cloud structures.

625

Cloud 2-D structures
from radar measurements

A priori data
(ECMWF)

Cloud microphysics
from field campaigns

Combine data in order
to generate 3-D fields of

ice water content and
particle size distributiol

Trace gases from
climatology

Weather data

Fourier transform
algorithm:
Generates 3-D cloud
structures

Add fine scale structures in temperature,
humidity, and trace gas fields, and merge
all data to full 3-D scenarios

Possible data sources are cloud resolving models, radars, and

in situ measurements. In situ measurements exist only for a;

few clouds and are therefore not appropriate for the use hergy,

g. 2. Block diagram describing how atmospheric states are re-
ised.

The advantage of using radar measurements as input, as com-

pared to using cloud resolving model data, is that correct sta-
tistical properties of cloud structures are obtained automati-
cally. Therefore, using radar cloud structure measurements
as input was considered most suitable.

The CPR on-board CloudSat collects cloud structure mea-
surements throughout the tropical region, and using Cloud-
Sat instead of data from tropical ground based radars gives
a statistical advantage. The CPR on-board CloudSat pro-
vides high resolution 2-D cloud reflectivity measurements.
A transformation to 3-D is achieved by inputting such 2-D
measurements into a stochastic iterative amplitude adjusted
Fourier transform algorithmvienema et a).2006. This al-
gorithm generates surrogate 3-D radar measurement fields
with the same amplitude distribution and power spectrum as
the original fields. The CloudSat data were inputted as orbit
sections having a*dlatitudinal extension and full resolution
(~200 m in verticalx 2 km in latitude), that yield 3-D fields
covering 4 in both latitude and longitude with the same spa-
tial resolution as the input.

4.1.2 Cloud microphysics

The concept is to create 3-D cloud fields that conserve the
surrogate 3-D radar reflectivities. Two assumptions are made
regarding microphysical properties:

— Cloud ice particle size distribution (PSD) variations
seem to be complex in nature. PSDs vary both within
clouds and from cloud to cloud. Ideally, the PSDs in
the cloud states in the database should follow this natu-
ral variability. If this was the case, the retrieval uncer-
tainty associated with PSD variability would have been
incorporated in the retrieval algorithm. However, no
PSD parameterisation exists that can describe the full
true ice cloud variability. A method to include varia-
tions in the mean patrticle size and width of the PSD

www.atmos-meas-tech.net/2/621/2009/

is presented irRydberg et al.(2007. That method
was basically applied in order to predict the retrieval
performance of a dedicated cloud instrument, capable
of measuring some PSD parameters. However, Odin-
SMR provides no mean in estimating PSD parameters.
Thus, applying a method to generate variations of PSD
parameters would basically only effect the retrieval un-
certainty. An alternative approach would be to apply a
fixed well defined PSD parameterisation. The drawback
with this approach is that retrieval uncertainties must be
handled separately. On the other hand, there are two
considerable advantages. As the degrees of freedom of
the cloud states in this approach is smaller, the num-
ber of states in the database can be smaller. Addition-
ally, it is more straight forward to directly compare to
results from similar instruments. The PSD parameter-
isation derived byMcFarquhar and Heymsfield997)
(hereafter MH97) is assumed to be the best representa-
tion of the mean PSD in the tropical region. The PSD,
n(D), is described by a non linear function of IW@

and temperaturely),
n(D)=f(D,w,T). (20)
where D is the particle diameter. It should be clear
that local PSDs may deviate significantly from MH97.
However, no deviations from MH97 are included in the
database states, as sufficient information of how much
local PSDs may deviate from MH97 is lacking. This has
the consequence that the full natural variation of PSDs
is not covered by the database states, but, as long as
MH97 is a fair representation of the mean PSD no large
systematic retrieval errors are introduced and the asso-
ciated random retrieval uncertainty can be characterised
separately (Sechk.4).

Atmos. Meas. Tech., 2668212009
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— Natural occurring cloud ice particles can have very com-data are 2-D cross-sections (latitude and pressure) and initial
plex shapes. The crucial aspect here is that average sca3-D fields are created by assuming no longitudinal variation.
tering properties of particle ensembles are representedhe viewing direction of Odin-SMR in the tropical region
in an appropriate manner with respect to the observais approximately north to south, or reversed, and the treat-
tions. The Odin-SMR receivers havetsd5® linearly ment of the longitude dimension is less critical. The volume
polarised response, meaning that a combination of themixing ratio of gas species beside ozone are set to tropical
first and third Stokes components are measured. Foclimatological values.

Odin-SMR observations of most atmospheric states the To account for weather variations on scales not resolved
third Stokes component is close to zero. Scattering byby ECMWF and for natural variations of trace gas concentra-
non-spherical particles can give rise to differences in thetions, perturbations are made in the 3-D fields. A stochastic
vertical and horizontal component of the radiation, but method adding 1-D structures is describedRiydberg et al.
the first Stokes component (total intensity) is less influ- (2007, and the modification of 3-D fields is done follow-
enced by realistically varying particle shap&siksson  ing the same basic approach. The method effectively adds a
et al, 2007). In (Evans et gl1998 (e.g. Fig. 8) nadir field with a zero mean and desired standard deviations and
viewing sensitivity to 8 different particle shapes, includ- spatial correlations to the original field. Standard deviations
ing spheres, at 500 GHz is shown. It is shown that theare set to values that are approximately determined by the
induced intensity depression depends on assumed partincertainty of ECMWF data (1K for temperature, 20% for
cle shape for a given mass equivalent sphere PSD. Thezone, and 10% for water vapour). The variation of CIO and
induced depression by spheres tends to be in the cerHNO3; was set to 40% for all altitudes whileJ® was only
tre of the depression produced by more complex shapegerturbed above 200 hPa with 30%. Assumed values of inter-
particles. These particles produced depressions that arevel correlation lengths are based on educated guesses. The
within £50% as that for spheres. By considering that vertical exponential correlation length of all fields is set to
a cloud consists of a variety of particle shapes, we as-1 km at the surface level, and to increase with altitude up to
sume that mass equivalent spheres closely describes thtee upper troposphere. At the upper troposphere and above
averaged scattering properties of particle ensembles 18 km is assumed. The latitudinal and longitudinal correlation
realistic clouds. This enables the use of Mie theorylengths are throughout all states set td0.5
for calculating the scattering properties of ice particles. It was found that ECMWF underestimates the variabil-
However, for instruments measuring only the vertical, ity of upper tropospheric humidity when compared to val-
or horizontal, components of the radiation effects of ues found byEkstidm et al.(2007). Since it is important
non-spherical particles should be considered. that the database covers extreme states, the humidity fields
were modified by scaling each 2-D cross-section by a factor
Equivalent radar reflectivityZ,, is related to the cloud mi-  randomly selected in the range [0.6,1.4] before further pro-

crophysics according to cessing. A scaling factor symmetric around 1 was chosen
54 ~ to obtain a distribution of upper tropospheric humidity more
Ze= 77— /%(D, T)f(D,w, T)dD, (11) resembling the results dkstiom et al.(2007), at the same
4| Kwl= Jo time as the ensemble mean humidity is conserved. Further-

wherex is the wavelengthk,, the dielectric factor of water, More, generated 3-D perturbed humidity fields inside clouds
andg,(D, T) is the backscattering cross section. The radar'S mo<_j|f|ed by assuming that the RHi is close to saturation
backscattering is calculated by Mie theory. following Rydberg et al(2007).

The general situation is that a measutéd at a known L . .
T, can be explained by a range of IWC values. However, as4‘2 Radiative transfer simulations

MH97 is g_ssumed t? describe the ;uSD_,hrgdarl reflectivity hasrne second part of the generation of the retrieval database
aglunam Iguous refation to IWCba dW',t '2 :ce evant varclj- consists of simulating synthetic measurements for each at-
able ranges. Hence, IWC can be derived for giznan mospheric state. The simulations were performed using ver-

T by, for example, a pre-calculated look-up table. When thegj, "1 1 of the Atmospheric Radiative Transfer Simulator
IWC matchingZ, and7 is determined, the PSD is obtained (a\pTs) This is a development of the first version, ARTS-

f_rqm .Eq. (LO). This procedure ensures that the. radqr reflec—l (Buehler et al. 2005, where two scattering modules, a
tivity is conserved for the generated microphysical fields. discrete ordinate iterative methorade et al. 2004 and

a reverse Monte Carlo algorithnDévis et al, 2005 have
been implemented to solve the polarised radiative transfer

The 3-D fields of these variables are generated in a series g{duation. In ARTS the polarisation state is expressed by the
steps. As a starting point weather data (temperature, humig>tokes formalism, the geoid and surface can have arbitrary
ity, and pressure) and ozone, originating from ECMWF areShape, and atmospheric fields can have variations in three di-
obtained from CloudSat auxiliary data archive. The ECMWF MeNsIons.

4.1.3 Weather and atmospheric structures

Atmos. Meas. Tech., 2, 62637, 2009 www.atmos-meas-tech.net/2/621/2009/
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4.2.1 Instrument response simulations compensate for refractive effects that are not included. The

remaining calculation error has a marginal impact on final
Simulations of Odin-SMR observations were performed for results.

each 3-D atmospheric state generated. For cases including
clouds, the cloud influence on the radiance was simulated;.3 Representation of atmospheric states
using the Monte Carlo module of ARTS, whereas radiances
for cases lacking clouds were simulated in the ordinary cleaThe atmospheric states in the retrieval database must be 3-D
sky mode of ARTS. In all cases the 3-D variability of the in order to include cloud inhomogeneity effects in simulated
atmosphere is fully considered in the radiance simulations. measurements, but it is not feasible to retrieve any atmo-
The selected Odin-SMR frequency bands are centredpheric 3-D structures. First of all, Odin-SMR does not pro-
around 501.2 and 544.4 GHz, and a single frequency (cenvide a continuous coverage horizontally. In addition, the
tre frequency) is used to represent each band. Odin-SMR isneasurements are inverted individually. There is, accord-
a single sideband heterodyne receiver, but only the primaryngly, no information on horizontal structures in the measure-
band is simulated. This has very little influence on simu- ments and the only reasonable aim is to retrieve some average
lated radiances for the observation geometry of concern, afor the horizontal area probed. On the other hand, vertical
discussed irEriksson et al(2007). Simulations were per- information is present through differences in absorption at
formed for the total intensity of the radiation, which for nor- 501 and 544 GHz, primarily through pressure broadening of
mal conditions closely approximates the Odin-SMR receivera very strong water vapour transition at 556.9 GHz. This ap-
of +45° linearly polarised response (Seétl.9. plies to both humidity Ekstiom et al, 2007 and cloud scat-
The strengths of molecular transitions and other spectrotering Eriksson et al.2007), and profile retrievals of both
scopic data are mainly taken from the operational Odin-SMRRHi and IWC are attempted. This in contrast to earlier Odin-

retrievals of stratospheric gas specieshan et al. 2005. SMR cloud retrievals where only partial column values have
Of special concern for tropospheric observations is that ni-been retrieved.
trogen absorption followsiebe et al.(1993 and that this The database state vectors for use in Bpshall thus hold

absorption is scaled with a factor of 1.34 as suggested byertical profiles of RHi and IWC. That is, a 1-D representa-
Boissoles et al(2003. New data were selected for some tion of the humidity and cloud ice fields. The best 1-D repre-
important water vapour variables. The pressure broadeningentation of the 3-D states should consider the spatial weight-
width coefficients for the 556.9 GHz water vapour transition ing by the antenna pattern. Hence, 1-D profiles of IWC and
are here taken fror@olubiatnikov et al(2008, and the wa-  RHi, for each state, are obtained by first extracting values
ter vapour “continuum” parameterisation folloRsdobedov  of these parameters along each pencil beam where the radia-
et al.(2008. tive transfer simulations were performed. These profiles are

The antenna pattern of Odin-SMR yields an upper tro-weighted according to the Odin-SMR antenna pattern (anal-
pospheric resolution (full width at half maximum) of ogously to how radiances are weighted).
~2 kmx2 km in vertical and across-track dimensions, where This means that each case in the retrieval database consists
the across-track resolution is comparable (and aligned) to thef a 3-D atmospheric state, a synthetic instrument measure-
one of CloudSat, and hence to the horizontal resolution of atment vector, and a 1-D representation of the 3-D state. The
mospheric states generated. The azimuthal variation of tha-D state vectors and the synthetic instrument vectors are the
antenna response can thus be neglected. However, the aimput to the retrieval algorithm. The retrieval database con-
imuthal/longitude variation of the atmospheric scenes havssists of a total 0~400000 cases. This size includes cases
an impact for cloudy scenes as scattering out of the obsereovering measurements from 0 to 9km in tangent altitude.
vation plane then occurs. Accordingly, an azimuthally inte- Hence, not all of these cases can effectively be used as in-
grated antenna pattern was applied, where pencil beam sinput for the inversion of a measurement from a given tangent
ulations were performed for tangent altitudes with a vertical point, and the effective database size for individual cases is
spacing of 250 m. In cloudy cases, where Monte Carlo sim-~30000 cases. This can be compared to a required size
ulations are used, each pencil beam simulation was run to ahich is on the order of 13810 000, following the rough
precision of 3K. This yields, after the antenna weighting, aestimate in Sec whose assumptions approximately applies
total precision better than 1 K. to Odin-SMR.

The Monte Carlo module of ARTS can not handle refrac-
tion, and therefore, a simple correction scheme was applied.
Clear sky simulations, including and excluding, refractive 5 Results
effects were performed. It was found that clear sky sim-
ulations, excluding refractive effects, could reproduce theBasic considerations for the retrievals are treateffkistiom
level of radiance of simulations including refractive effects, et al. (2007 andEriksson et al(2007), and the details are
if the tangent points were moved 500 m closer to the sur-not repeated here. One conclusion of those studies is that
face. Therefore, a 500 m offset in tangent point is used tait is sufficient to consider two frequency bands to preserve
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Sect.2. This is particularly true for the part of the distribu-
tion corresponding to a strong impact of clouds and a possi-
ble contributing factor to the broader simulated distribution

2207

__190; is diurnal variations in tropical deep convection. Such diur-
X, nal variations are well knowrL{u and Zipser 2008 and as

% CloudSat performs its measurements at local times around
2 160, 01:40 and 13:40 while Odin-SMR observes around 06:15

and 18:15 some differences in obtained brightness temper-
atures are expected. Diurnal differences in CloudSat and
Odin-SMR measurements are being examined and will be
presented separately.

The measurements show a higher variation in the 544 GHz
channel for brightness temperatures around 210 K. This can
be the result of an under-representation of very dry and very
humid situations at altitudes around 14 km, but is more likely
an effect of that simulated noise does not totally capture the
behaviour of the more unstable performance of this receiver
chain for level 1b v6 dataHkstdm et al, 2007). The other-
wise good agreement for the clear sky domain of the radiance

1301
220

190

Tb544 [K]

1601

130r . | | distributions (upper right corner) indicates that the imposed
80 110 140 170 200 230 variation for temperature and humidity in the database mim-
Tb501 [K] ics real conditions satisfactorily.
Normalised radiance frequency distribution [1/(3K)?] The good agreement between the distributions in Fig.
not proof that everything is handled correctly. There could
I:_ be counteracting issues and incorrect values for less influ-
10° 10" 10° 10% 10" ential parameters can not be resolved in this manner. How-

ever, there is no obvious way to strictly validate the retrieval
database. For example, if any better data were available they
Fig. 3. Upper panel: radiance distribution of simulated Odin-SMR should be included in the retrieval database.
measurements, with measurement noise added. Lower panel: radi-
ance distribution of real Odin-SMR measurements. 5.2 Retrieval setup and characterisation

The final retrieval setup was determined by inverting simu-
the information content for the retrievals of concern and only|ated measurements. The test retrievals were performed by
two frequencies are therefore considered here. The two fredividing the database into a smaller retrieval database and a

guencies are 501.2 and 544.4 GHz. test part, each consisting 8200 000 cases.
_ _ Obvious elements of the measurement vegtare the two
5.1 Radiance comparison measured brightness temperatures, at 501 and 544 GHz. The

standard deviation for the noise at 501 GHz was set to 2K,
A basic test is that the distribution of generated radiances rewhile for 544 GHz it was assumed to vary where 3.5/2.5K
sembles that of the measured radiances. If the radiance disvere selected for shortest/longest integration tiEles{om
tributions for the database and the real Odin measurementst al, 2007). The geometric tangent altitude,, of Odin-
differ significantly, one or several steps of the simulations SMR spectra has been estimated to have an uncertainty fol-
have been handled incorrectly and the database can not bewing a Gaussian distribution with a standard deviation of
applied for retrievals. This retrieval uses data from only two about 200 m. This knowledge was treated as measurement
frequency channels and radiances can be displayed as 2-laformation and;, was included iny. The alternative would
distributions (501 vs. 544 GHz, Fi@). The upper right re- be to divide the data into ranges of tangent altitudes and
gion of the figure panels corresponds to states which consplit up the retrieval database in the same manner. However,
tain no or very thin clouds, while the lower left region corre- the inclusion ofz; in y is directly in line with the selected
sponds to states that are greatly influenced by cloud scatteBayesian retrieval methodology by using existing informa-
ing. tion in an optimal manner and is thus to prefer.

The agreement between the two distributions in FEg. Odin-SMR data do not provide independent information
must be judged as highly satisfactorily. The simulated dis-on humidity and temperature. Retrieval tests showed also
tribution is in general somewhat broader, which is an ad-some improvements for the humidity retrieval when exter-
vantage compared to an opposite tendency as discussed iral temperature information was added $9 &nd this option
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Fig. 4. Averaging kernels (rows of) and total measurement re-

) - Fig. 5. Averaging kernels (rows of\) and total measurement re-
sponse (the sum of each kernel) for relative humidity. 9 ging ( )

sponse (the sum of each kernel) for the logarithm of ice water con-
tent.

was selected for the final retrieval setup. A single tempera-
ture was chosen in order to keep the measurement vector agro values that are below the detection limit of Odin-SMR
short as possible. The temperature at 140 hPa was selectggect.5.4), were given small random numbers in the range
as this level is approximately in between the altitudes wheren.001-0.1 mgm?3, in order to be able to work with a log
the two channels have their maximum sensitivity. The tem-scale. Different ranges were tested but the results remained
perature information is taken directly from ECMWF when stable. Giving these small values a fixed number instead
inverting real Odin-SMR measurements. The standard demight intuitively sounds better. However, that would lead
viation for the uncertainty for this piece of information was to an overestimation of the response, as it would look like
set to 1K. All measurement uncertainties are assumed to behat the retrievals can exactly reproduce these values. The
totally uncorrelated an8e in Eq. (3) is a diagonal matrix. greatest response-(.0) is found for 10.5-15 km, as for hu-
The state vector holds 1-D antenna-weighted IWC and humidity, and drops te-0.65 and 0.85 for the two surrounding
midity profiles (Sect4.3). It was found that a grid spacing layers. Below 16 km, the response is higher for IWC com-
of 1.5km is appropriate and a state vector covering altitudespared to RHi. This as the measured brightness temperatures
from 9 to 18 km with a spacing of 1.5km is used in all re- are much stronger affected by clouds than by humidity. The
trievals presented. For both RHi and IWC, the values at eaclieason for the low response in the highest layer is that there
grid point represent the average of the quantity inside theexists relatively little cloud ice there.
layer (the first layer is from 9-10.5 km and so on). The trace of the estimated ensemble mean averaging ker-
Figure4 shows an estimate of the ensemble mean averagnrels matrix gives information on how many independent
ing RHi kernels, which were obtained as discussed in Sect. pieces of information that can be extracted from the mea-
The greatest response-@.7) is found for the three layers surements. This number is 2.3. This is consistent to the fact
covering 10.5-15 km. The direct sensitivity of the measure-that the main information is coming from the two, more or
ments to water vapour outside this altitude range is mucHess independent, Odin-SMR channels considered. For weak
lower, but the retrievals do not exhibit a corresponding de-cloud conditions these two pieces of information approxi-
cline in the response. This is as a consequence of applyinghately corresponds to the RHi in the lower and upper part
a Bayesian approach. The retrievals use correlations foundf the tropical uppermost troposphere, and to the IWC in the
in the a priori data to obtain information in regions where same layers for cases where the measured intensity is influ-
the measured radiances in themselves have little, or even n@nced by clouds. For cloudy cases, the retrieved RHi is to a
sensitivity. Thus, the quality of such retrievals are very de-large extent determined by the statistics of a priori data.
pendent on whether the correlations assumed actually exist. Another way to look at the information content is to es-
Figure 5 shows an estimate of the ensemble mean avertimate the vertical resolution, which is in the order of 5km
aging kernels for IWC. The kernels were determined for the(full width at half maximum of the averaging kernels) for
logarithm of the IWC, in order to stabilise the least square fit-both RHi and IWC. This resolution is rather coarse compared
ting procedure. All IWC values below 0.1 mgm including to the selected grid spacing of 1.5km. However, retrieved

www.atmos-meas-tech.net/2/621/2009/ Atmos. Meas. Tech., 26687212009



630 B. Rydberg et al.: Non-Gaussian Bayesian retrieval of tropical upper tropospheric cloud ice and water vapour

The retrieval database does not include any geographical
information and the a priori fields corresponding to Eigre
completely flat. That is, all horizontal structures in retrieved
results come from the measurements. In addition, the fact
that the geographical patterns of mean RHi differ between
the vertical layers indicates that vertical information has been
extracted from the measurements.

The retrieval accuracy is examined in Fig.The figure is
based on the retrieval simulations described in Se2t.The
retrieval works best for the two vertical layers between 12
to 15km. The retrieved RHi compare in general well to the
true RHi. The retrieval accuracy (difference between mean
retrieved RHi for each interval and the true RHi) is within
10% for RHi below 90%. The effective noise is higher for
the 544 GHz band, which is reflected by a somewhat poorer
precision for the two higher layers. In addition, the measure-
ment sensitivity to water vapour in the uppermost layer is rel-
atively small, compared to the other layers. The systematic
retrieval error has a consistent pattern. The retrieved mean
values are lower than the true RHi for high RHis and higher
than the true RHi for low RHis, where the brake point is
found around 70% RHi. This is an effect of that the measure-
ments do not provide complete information and the BMCI

15-16.5 km

Latitude

Latitude

.3 I

Latitude

Latitude

L8 1

0 40 80 120 160 200 240 280 320 360 method favours more likely states. The influence of the a
LORT_?iEUﬁe priori data is especially high for RHi above 90% RHi. This is
i [%

due to the effects of that saturation in the measurement sig-
B B nal occurs Ekstdm et al, 2007), and the measurement noise
0 20 40 60 80 100 is approximately as high as the variation between the signal
at 70 and 150% RHi. Thus, retrievals are here greatly ef-
fected by a priori data. As individual retrieved values are the
Fig. 6. Odin-SMR multi year means of retrieved relative humidity. Most likelihood solution, the only way to reduce systematic
retrieval errors would be to reduce the measurement noise,
dominated by calibration errors. It is to date not known why
profiles can be seen as moving averages in the vertical dithere are such high random calibration errors. A simple cor-
mension, where the averaging kernels describe the weightrection for geographical averaged retrievals, taking into ac-
ing. Accordingly, the retrievals at the different levels carry to count the retrieval biases in Fig, is discussed in Sed. 1
some extent independent information and results for the four Systematic error sources, such as spectroscopic parame-
layers covering the altitude region from 10.5 to 16.5 km areters, possible biases in Odin-SMR calibration and ECMWF
displayed below. The response is above 0.6 for both RHi andemperatures, are not captured by the simulations shown in

IWC throughout this altitude region. Fig. 7. These errors were examinedakstiom et al.(2007),
who obtained a worst case estimate of a 30% relative error.
5.3 Retrieved relative humidity The systematic error should in practise be lower than 30%,

since this is a worst case estimate and the errors can possible
Odin-SMR RHi retrievals are presented as multi year mearcounteract each other.
results for four vertical layers in Figh. The geographical
patterns of RHi are in general agreement with AURA-MLS 5.4 Retrieved ice water content
data (see e.dgekstivm et al, 2007). Regions of high RHi are
found over Central Africa, Central and South America and Retrievals of upper tropospheric IWC are shown as multi
over the maritime continent. These are regions associategear mean values for four vertical layers in F&). The re-
with strong convection. The regions of high RHi become trievals produce effectively no ice inside regions known to
broader with increasing altitude. This follows from the fact have a low degree of high altitude (thick) clouds, such as an
that the humidity is more controlled by zonal mixing at the area west of South America. This indicates that the retrievals
highest altitudes, while local convection is the dominating have a low degree of false cloud detections. Regions of high-
factor at lower altitudes. Additionally, at higher altitudes the est mean IWC and the highest RHi at 10.5-13.5 km match
average RHi is closer to saturation. quite closely. On the other hand, there is a clear difference
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Fig. 7. Statistics for simulated relative humidity retrievals. The
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between Figst and8 for the highest altitudes where regions Longitude
with high RHi are much wider than regions with high IWC, IWC [mg/m"]
in contrast to the underlying layers. As arguedHRstiom _
and Erikssorf2008, based on CloudSat and Aura-MLS data, 5 10 15 20

this can potentially be explained as even though the dynam-
ics of the uppermost troposphere is partly controlled by zonal
mixing, the_ transport Of higher IW_C can _not be_performed Fig. 8. Odin-SMR multi year means of retrieved ice water content.
over long distances. This as cloud ice particles will evaporate

or fall out during the transport. Hence, the IWC throughout

the upper troposphere appears to be largely determined bythm will result in some kind of mean IWC at the lowermost
the strength of local convection. That this feature is capturedevels. Thus, a noticeable difference is that the lowermost
shows that the retrievals can distinguish between RHi andayer has the largest retrieval errors for IWC, whereas the
IWC, but it is stressed that completely independent informa-yppermost layer has the largest retrieval errors for RHi. The
tion is not obtained. As for RHi, all horizontal structures are gyerall IWC precision and accuracy at&0%.

based on measurement information. Significant IWC values The retrieval database does not include the full natural
are becoming more localised with increasing altitude, a fackariability of microphysical quantities, i.e. deviations from
ShOWing that the vertical information has been extracted fromhe assumptions regarding the MH97 PSD, refractive index
the measurements. and solid spherical particles. Eriksson et al(2007) ran-

The IWC retrieval accuracy is shown in Fi§. The re- dom and systematic errors associated with these uncertain-
trieved IWC compares well to the true IWC for the layer ties are discussed. The random errors in retrieved IWC due to
around 14.25 km. Significant systematic errors are found folPSD variations was estimated to a 40% relative error, and the
the other layers, caused by incomplete measurement inforsame error for refractive index and shape variations to 15%.
mation in the same manner as for RHi. The general patterBy combining these uncertainties, and the ones covered by
is also the same as for RHi, there is a tendency for overestiFig. 9, and assuming that they are independent from each
mation for low IWC and vice versa. For example, the under-other, the total precision of Odin-SMR upper tropospheric
estimation of high IWC is caused by a combination of two IWC observations is found to be65%.
effects: 1. Such cases are less frequent and BMCI puts more The assumed MH97 PSD parameterisation and assumed
weight on the more common situation of a lower IWC. 2. refractive index and solid spherical particles give, possi-
Screening by clouds at higher altitudes. For measurementBly also, rise to systematic errors, estimatedEinksson
of thick clouds with large vertical extension, the sensitivity et al. (2007 to be 30% and 15%, respectively. Systematic
to the lower part of the clouds is small and the retrieval algo-errors associated with absorption spectroscopic parameters
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and Odin-SMR calibration were also considerediksson 5 20
7 O
et al. (2007). These errors are regarded as negligible com- 0
pared to the other systematic errors. Hence, the combinec 0 Od?O S;‘ﬂ% gORHE?OO/ 1000 Od?O S:ﬂ% gORHf?Oo/ 100
effect of systematic errors discussed is estimated to be below in-SMR v2 RHi [%] in-SMR v2 RHi [%]
50%.

Fig. 10. Comparison of multi year averages of Odin-SMR v2,
6 Comparisons AURA-MLS v.2.2 and Odin-SMR v1 RHi retrievals. The averages

(blue dots) are calculated for areas with an extensiof inboth
Retrieved upper tropospheric RHi and IWC are comparedatitude and longitude. The black line is the one-to-one line, the

to results from AURA-Microwave Limb Sounder (MLS), red line is the weighted total least square fitted line and dashed red
CloudSat and earlier Odin-SMR retrievals. line is the weighted total least square fitted line after a correction

procedure described in the text.
6.1 Relative humidity

The RHi results (here denoted v2) are compared to resultslata (see Fig7 and the discussion in Sed&.3). The ear-
from AURA-MLS (Read et a].2007, v2.2) and to previous lier Odin-SMR retrievals were based on simple regression
Odin-SMR inversions Ekstidm et al, 2007, here denoted models and were not affected by a priori assumptions in the
vl) in Fig. 10. Odin-SMR and AURA-MLS have approxi- same manner. As a consequence, the v1 retrievals could yield
mately the same vertical resolution 6 km. AURA-MLS unrealistically high RHi (including-200% RHi). In addi-
values were interpolated to the Odin-SMR altitudes. Odin-tion, those retrievals were less advanced when it comes to
SMR v1 RHi results were retrieved for two layers centred handling the impact of weak clouds that generates an over-
around 200 and 130 hPaand are compared to v2 results farstimation of RHi. However, multi year average RHi fields
the corresponding layers. An averaging over 8.5 in are dominated by “clear sky” retrievals. For clear sky mea-
latitude and longitude is applied in Fig0. A main reason  surements the v1 retrievals use a regression model that maps
for using this relatively broad averaging is to decrease the immeasured radiances to RHi by comparing to simulated mea-
pact of differences in horizontal weighting that are generatedsurements with fixed RHi. These retrievals are very noise
through the uneven latitude sampling of Odin-SMR. sensitive, as the measured radiance including measurement
The weighted total least square linear lines in Higall noise is directly mapped to RHi. As the relationship between
have a slope greater than one. That is, the Odin-SMR v2 reRHi and radiance is not linear, averaged results will be biased
trievals span a lower range of RHi than the other two datasetshigh. This as a positive noise will resultin an increase in RHi
The main cause to this feature is the influence of a priorithat is greater than the decrease in RHi a negative noise with
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the same magnitude would produce. The v2 retrievals usesl, as discussed above. Figure 1Ekstidom et al.(2008 in-
a priori data and are less noise sensitive, but on the othedicates that the new Odin-SMR retrievals should agree quite
hand retrievals are biased towards mean RHi. Thus thergvell with data from UARS MLS, below 13.5km. In any
are fundamentals differences between the v1 and v2 retrievatase, the Odin-SMR retrievals are for these lower altitudes
algorithms. Both versions introduce biases. It is judged thatespecially sensitive to the selection of “continuum parame-
the v2 results give a fairer representation of the actual meaterisation” for HO and N. Large uncertainties exist around
surement information found in Odin-SMR spectra. these parameterisations for both species and a change was
A significant a priori “contamination” can not be avoided made for HO (Sect.4.2.]) in order to use newest available
for individual v2 retrievals, but it could be decreased some-data. Accordingly, some kind of validation for selected pa-
what by introducing a geographical and seasonal varying aameterisations is needed before any more firm conclusions
priori. This choice was rejected so as to maintain a situationcan be drawn.
where all horizontal and temporal structures in estimated RHi
fields are directly attributable to the measurements. On the-6 5
other hand, the contamination can be decreased for averagée
values in a relatively straightforward manner. If the humid-
ity inside each grid box were constant, it should be possibleThe IWC results (here denoted v2) are compared to results
to compensate for the a priori influence through Fighat  from CloudSat Austin et al, 2009 and to previous Odin-
gives the systematic error for each range of RHi. The dashe®MR resultsEriksson et al.2007, 2008 here denoted v1). It
(red) line in Fig.7 is the weighted total least square linear should be noted that the comparison uses the official Cloud-
line after such a compensation is applied to the average valSat IWC retrievals (2B-CWC-RO, R04) and not the implicit
ues displayed. The natural variability is not zero and perfectretrieval made when constructing the retrieval database. The
compensation is not achieved. However, a first order correcmain difference between these two retrieval approaches is as-
tion for a priori influence should be reached and the dashegumptions regarding the PSD.
lines are used below for further comparisons. As opposed to RHi retrievals, the Odin-SMR random cal-
The changes in spectroscopic variables (SecR.]) ibration error does not significantly affect IWC retrievals.
should result in drier Odin-SMR values for v2 compared to This means that not only retrieved mean values can be con-
v1, and the differences in Fid.0 (for dashed line) between sidered in the comparison. Comparing higher order statis-
vl and v2 are primarily caused by these changes. For théics gives additional information on how the datasets relate.
15.0-16.5 km layer the screening applied to the 544 GHz datd his is of particular interest for tropical upper tropospheric
in v1 must also be considered. The screening left only spectWC, which exhibits non-Gaussian statistics and covers a
tra with a less frequently used longer integration time (1.87 s)large span of values, typically from 0 to 17000 mg#n Thus,
that gives a less pronounced impact of random calibration ercomparisons of retrieved PDF of upper tropospheric cloud
rors. The introduction of a priori data made it also possible toice are considered.
handle higher calibration errors and the data included differ Figure 11 shows PDFs of retrieved IWC values. Tallle
between v2 and v1. This point explains also the higher scatgives the corresponding overall mean IWC. Since there is
ter between v1 and v2 mean RHi for the 15.0-16.5 km layera fundamental difference between the observation geome-
than for 12.0-13.5 km. tries and resolution of the two sensors, CloudSat data have
The agreement between Odin-SMR and Aura MLS is ex-been averaged in different ways to show the impact of spa-
cellent between 13.5 and 16.5 km (after correction for a prioritial sampling on IWC PDFs. In the case of CloudSat-a,
influences). The consistency is good also at 10.5-13.5 km foindividual IWC profiles have been averaged over the four
regions with low RHi. altitude ranges considered. The sampling volume is ac-
The highest differences are found for wet regions belowcordingly a vertical cylinder with a height of 1.5km. For
13.5km where MLS shows significantly higher values than CloudSat-b the data are averaged over the same vertical
SMR. The deviation is higher after a priori compensation, layers, but weighted in the horizontal direction according
but the correction here is questionable. Odin-SMR on av-to Odin-SMR’s observation geometry and antenna pattern.
erage underestimates RHi above 70-75% (Fjgbut such  Thus, the sampling volume is a tilted cylinder with a 1.5 km
high relative humidities are not found among the v2 averagevertical extension. This does not change mean IWC val-
values below 13.5km and the correction gives consistentlyues compared to the CloudSat-a case. The averaging for
drier data. The part of the data that should have the oppo€loudSat-c aims at producing data that can be directly com-
site correction is lost in the averaging and the compensatiompared to the Odin-SMR v2 retrievals and the vertical res-
procedure fails for high humid average conditions. There isolution must also be considered. The CloudSat-c PDF is
a better match between MLS and v1 data for these lower andbtained by weighting CloudSat-b data with the ensemble
wetter regions EEkstiom et al, 2008. However, the better mean averaging kernels in Fi§. The Odin-SMR averag-
agreement is probably partly caused in artificial ways by al-ing kernels were mainly derived in order to get a rough es-
lowing unrealistic values and interference of weak clouds intimate of the vertical resolution of Odin-SMR. The derived

Ice water content
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g AR e Table 1. Retrieved ice water content mean values. The different
PR T 10:5-12km g 12:13.5km . .
10 B - , Forremam . , averages (a, b and c) of CloudSat data are described in the text. All
- S : ; \ : values in mgn3.
v == (0din-SMR ) .\
o 10 =+=CloudSat-c % , : : : \
o \ ~ N
CloudSat-b : 10.5-12km 12-13.5km 13.5-15km 15-16.5km
4 CloudSat-a
10 T . 1y CloudSat-a 8.4 5.1 2.1 0.41
: CloudSat-b 8.4 5.1 21 0.41
I 13.5-15km . 15:16 Bk CloudSat-c 6.1 35 1.3 0.055
10 ‘\\ . , Odin-SMR 4.4 21 0.76 0.085
woos
o 10 - \‘\ < ‘Qﬂ“\ ’ . . .
i \ - \ \ : tions on the PSDEriksson et al(2008 inverted one month
-4 . . .
10 i, T ~ . ‘ of CloudSat observations using MH97 (the PSD applied for
10° 10’ 10° 10° 10° 10" 102 10° Odin-SMR) and compared to official (R04) results. A pattern
IWC [mg/m”] IWC [mg/m”] resembling the one noted above was found: good agreement

for high IWC but lower PDF with MH97 for lower IWC.

The average values when using MH97 are 10, 25 and 41%
Fig. 11. PDFs of Odin-SMR (blue) and CloudSat (red, green, and pelow official data at 11.0, 12.0 and 14.0 km, respectively.
cyan) retrieved ice water contents. The different averggggb) The differences between v2 and CloudSat-c are (TH0RS,
and(c) of CloudSat data are described in the text. 40 and 42% for the 11.25, 12.75 and 14.25km layers, re-

spectively. Accordingly, for 10.5-15.0 km, there should be
relatively small deviations between Odin-SMR v2 data and

averaging kernel matrix is an average over the completeCloudSat inversions assuming MH97 as PSD.

training data ensemble. Hence, applying the kernels on T
individual CloudSat-b profiles must only be seen as a rougho(;l?g_eS,\S/:tha:'ZTa'Se(.j'ﬁggeo/mag)or iSé?glféE;I,:m_l’_h\gh:[;?: thoeb_
estimate what the Odin-SMR retrieval algorithm would have ' verage 1s y v u : s

retrieved. Anyhow, CloudSat-C data are more appropriatetaInGd byEriksson et al (200 for 15.5km indicate that

than CloudSat-b data to directly compare to Odin-SMR re—the devia@ion betvyeen v2 and CIoudSa}t retrievals Sh.OU|d in-
trievals. crease with a SWItC.h to MH97. The difference can instead
. . potentially be explained by the fact that the two sensors per-

As the kernels were derived for the |ogarithm O.f IWC, torm measurements at different local times and high altitude
- ) S&jouds have a clear diurnal cycle. It might be that Odin-SMR

some ambiguity around how to treat CloudSat data with IOWmeasures the clouds at a later stage in their life where con-

IWC, and especially the case of IWC =0. The detection limit - ; . :
! vective updrafts have brought up more ice particles to higher
for Odin-SMR isa~1 mg 23 and all IWC values below this altitudes P ghttp P g

level can be treated as “clear sky” with respect to Odin-SMR Figure12shows the PDF of retrieved pIWP for Odin-SMR
measurements. To mimic this, CloudSat data were set to hav\c;1 and v2. pIWP is defined iiriksson et al(2007 and cor-
a minimum value of 1mgm® and final results were com- P

. . responds roughly to the column ice mass above 12km. The
p_ensatecci:lln sduschtway tlhat a:c%ons_,l:tﬁn: !thf'eld of1 mﬁrlrg retrieved profiles from v2 have been weighted with the aver-
g|v|es i loudsa -I('E' vla L(;eboth ) ith a 'rs] elnaverﬁg|ng_ther-aging kernel provided b¥riksson et al(2007). The main
nel matrix was multiplied both with €ach real” protile (wi limitation of the v1 retrievals was that homogeneous cloud
minimum values of 1 mgm?) and with a profile, where all

| 1mam? and the latt it file i b layers were assumed and a simple scheme to correct for this
values are Lmgmr and e fatter resulling profiie 1S sub- shortcoming was introduced. Cloud inhomogeneity effects
tracted from the former.

are handled in detail by the v2 inversions and the good agree-

A spatial averaging has a clear influence on the PDFyent hetween v2 and vib PDFs confirms that the correction
(Fig. 11). The impact is especially clear for highest IWC applied on v1 data was justified.

as such values are normally confined to small volumes and

are less frequent for averages covering larger volumes. The

opposite occurs for low IWC, where the PDFs increase with7  conclusions
spatial averaging.

Between 10.5 and 15 km, the Odin-SMR PDFs coincidesA Bayesian retrieval algorithm has been developed and ap-
well with the CloudSat-c ones for high IWC, but is consis- plied to Odin-SMR measurements of tropical upper tropo-
tently below for lower IWC. This can not be explained by spheric humidity and cloud ice. The core of the algorithm
influence of a priori as the v2 retrievals tend to give an over-is the generation of a retrieval database, consisting of at-
estimation for lower IWC (Fig9). As noted above, the Odin- mospheric states and corresponding synthetic measurements.
SMR and CloudSat retrievals are based on different assumpSreat care must be taken to create atmospheric states that
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mimic real conditions in detail. This is here achieved by 10" ‘
merging data from several sources, with CloudSat radar ——0din-SMR v2
measurements as the cornerstone. The generated atmc ——0Qdin-SMR v1b
spheric states together with sensor characteristics are fed int Odin-SMR v1a
a state-of-the-art radiative transfer model to simulate syn- 2=t
thetic measurements. The main advantage of this methodol- .
ogy is that the basic information content from radar measure- =
ments is preserved, at the same time as atmospheric quar & \,a\_‘

tities are given realistic variability, and a database closely B \ZXQ\
matching observed brightness temperatures could be create 10 | s oy

(F|g 3) Odin-SMR v2: 3.8 g/m \\ -.\
Odin-SMR retrievals of tropospheric relative humidity - 4.2-g/m?

(RHi) and cloud ice mass were introduced Biystom et al. .| Odin-SMR via: 2 gim?

(2007 and Eriksson et al(2007). Cloud inhomogeneities 10 : , ,

inside the sampled volume was reported as a major cloud 10 10 10

ice mass retrieval uncertainty. It was found that assuming IWP [g/m?]

homogeneous cloud layers will lead to a systematic under-

estimation of cloud ice mass. The main achievement of this

work is that cloud structure inhomogeneity effects are nowFig. 12. New Odin-SMR (v2) and previous Odin-SMR (v1) re-

handled in a near optimal manner, by using high resolutiontrieved pIWP. For v1 the PDF of both original data (v1a) and after

(compared to Odin-SMR) radar data as input for the gener& correction for cloud inhomogeneity effects (v1Db).

ation of atmospheric states in the retrieval database. Only

a marginal systematic error should remain and estimation of .

inversions. Odin-SMR retrievals are especially sensitive to the selection
Another major improvement is that simultaneous profile Of “continua parameterisation” for#0 and N, where large
retrievals of RHi and ice water content (IWC) can now be Uncertainties exist for both species, and a more detailed anal-
performed compared to the earlier retrievals where cloud ice/SiS is needed before any conclusions can be drawn.
mass and RHi were treated separately. Further, the earlier Limited knowledge of both average and local particle size
cloud ice mass retrieval product was limited to the columndistributions (PSD) is a main issue for all remote sensing
integrated mass abovel2 km, and RHi was retrieved only ©f cloud ice mass. This work provides no progress on this
for two layers centred around 200 and 130 hPa. Addition-Point. The Odin-SMR retrievals are based on the assump-
ally, the introduction of a priori data made it possible to also tion that the PSD parameterisation derivedNdgFarquhar
handle a higher level of calibration error found in data of the and Heymsfield1997) (hereafter MH97) is the best repre-

Odin-SMR 544 GHz channel (level 1b v6), enabling the usesentation of the mean PSD in the tropical region. In lack of
of all data for RHi retrievals. relevant data, no attempt to include PSD variations in the

It was determined that Odin-SMR can measure tropicaldatabase was made and the related errors have to be esti-
upper tropospheric profiles of RHi and IWC with a verti- mated separately (here taken frdiriksson et al.2007). It
cal resolution of~5km. The best retrieval performance is iS stressed that no large systematic retrieval errors are intro-
found between 11 and 15 km in altitude. The retrieval preci-duced as long as MH97 is a fair representation of the mean
sion is <20% RHi and<65% and systematic errors are be- PSD, and this retrieval error should primarily be of random
low 30% and 50%, for RHi and IWC, respectively. Greatly nature.
improved confidence and precision in the RHi retrievals has Odin-SMR and (official) CloudSat IWC retrievals show
been achieved. This, at the cost of a clear a priori influenceclear deviations, where the differences between mean values
in results, which is strongest for high RHi due to a saturationare —40 to +55%. Based on earlier studies where Cloud-
effect in measurement signal. The a priori “contamination” Sat observations were inverted with the same PSD as applied
must be considered in comparing to other datasets and a sinfer Odin-SMR (MH97), it was judged that differences be-
ple correction procedure for a priori influence was suggestedlow 15 km in both average and distribution of IWC retrieved
Eriksson et al(2007) estimated the deviations between local largely can be explained by different PSD assumptions. Di-
average RHi values for Aura MLS and earlier Odin-SMR re- urnal variations are suggested as the main cause to the dis-
trievals to be<10% RHi. This general accuracy estimate is agreement above 15km, and have probably also an impact at
retained, but this comparison indicates an even better agredower altitudes.
ment in the 13.5-16.5 km altitude range. The highest devia- Dedicated mm and sub-mm down-looking instruments
tions (10-15% RHi) are found for lower altitudes (10-13 km) for cloud observations have been suggestBdags and
and most humid conditions. The new retrievals are closer tdStephens1995 Buehler et al. 2007 and the results here
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serve as a practical demonstration of the potential of those size, Q. J. Roy. Meteor. Soc., 133, 109-128, doi:10.1002/qj.143,
instrument concepts. This is the case as, for the observations 2007.
considered, Odin-SMR shares the basic properties of théavis, C., Emde, C., and Harwood, R.: A 3D polarized reversed
measurement principle used. Odin-SMR s in this context Monte Carlo radiative transfer model for mm and sub-mm pas-
a simple instrument and a greatly limited performance com- Sive remote sensing in cloudy atmospheres, IEEE Trans. Geosci.
pared to a dedicated instrument is expected, but it is clearly Remote Sensing, 43, 1096_h1|101’ 2005. J o
demonstrated that differences in gaseous absorption providesa:S‘C(_:'gF_)'[’) E\é?;iss’ :Oi 'S:i.r;’llBJllJaii Oﬁ;‘ ;' ? a(\:/gubc?mlé Zr; si\';: 221 /:i’_
(?IOUd altitude inform,ation' Thi§ Wor_k a!so shows that satel- m.m H‘lidlatiF:ude cirrus observations:pa case studi)/, Atmos. Chem.
lite cloud radars are important in an indirect manner, the data pnys_ 7, 4149-4158, 2007,
can be used to improve retrievals from existing/future passive hitp://www.atmos-chem-phys.net/7/4149/2007/
measurements. Ekstdm, M., Eriksson, P., Rydberg, B., and Murtagh, D. P.: First
The retrieval method could in principle be applied to any  Odin sub-mm retrievals in the tropical upper troposphere: hu-
passive microwave cloud observations, but the following midity and cloud ice signals, Atmos. Chem. Phys., 7, 459-469,
properties of the CloudSat 94 GHz radar should be noted. 2007,
The thinnest clouds are not detected by the radar. Further, http://www.atmos-chem-phys.net/7/459/2Q07/
CloudSat is in a sun-synchronous orbit and this has the conEkStm. M., Eriksson, P., Read, W. G., Milz, M., and Murtagh, D.
sequence that the atmospheric states in a retrieval database da -~ 0mparison of sateliite limb-sounding humidity climatolo-
not fully mimic the diurnal variability of clouds. In general, gies of the uppermost tropical troposphere, Atmos. Chem. Phys.,

. . : . 8, 309-320, 2008,
over tropical land maximum cloudiness occur in afternoon, http:/www.atmos-chem-phys.net/8/309/2008/

while over oceans the peak is in the early morning. HOW-gystiom, M. and Eriksson, P.: Altitude resolved ice-fraction in
ever, the phase of the diurnal cycle may vary from region the uppermost tropical troposphere, Geophys. Res. Lett., 35,
to region, meaning that the retrieval database to some extent 13822, doi:10.1029/2008GL034305, 2008.

covers diurnal variability. If it is desired to better capture Emde, C., Buehler, S. A., Davis, C., Eriksson, P., Sreerekha, T. R.,
diurnal differences, input from ground-based cloud profiling and Teichmann, C.: A polarized discrete ordinate scattering
radars can be used instead, at the expensive of global cover- model for simulations of limb and nadir longwave measurements
age. The EarthCARE missioingmann 2004, with launch in 1D/3D spherical atmospheres, J. Geophys. Res., 109(D24),

planned for 2013, will also be in a sun-synchronous orbit, but_ D24207, doi:10.1029/2004JD005140, 2004. o

will provide a better sensitivity to thin clouds. Eriksson, P., Ekstim, M., Rydberg, B., and Murtagh, D. P.. First
Odin sub-mm retrievals in the tropical upper troposphere: ice
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