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Abstract. This study presents and evaluates several candidate apyeéor downscaling observations from the Spinning
Enhanced Visible and Infrared Imager (SEVIRI) in order toreéase the horizontal resolution of subsequent cloud alptic
thickness () and effective droplet radius{ ) retrievals from the native 3 3km? spatial resolution of the narrowband
channelsto 1 1km?. These methods make use of SEVIRI's coincident broadbagfeHnesolution visible (HRV) channel.
For four example cloud elds, the reliability of each dowa$ing algorithm is evaluated by means of collocated 1 km?
MODIS radiances, which are re-projected to the horizontdl of the HRV channel, and serve as reference for the evaluat
By using these radiances, smoothed with the modulatiosfieafunction of the native SEVIRI channels, as retrievplit) the
accuracy at the SEVIRI standard resolution can be eval@etgdn objective comparison of the accuracy of the diffedenn-
scaling algorithms can be made. For the example scenesdeoediin this study, it is shown that neglecting high-fretpye
variations below the SEVIRI standard resolution resultsigmi cant random absolute deviations of the retrieveaindr, of
upto 14and 6 m, respectively, as well as biases. By error propagatios atsio negatively impacts the reliability of the
subsequent calculation of liquid water paW() and cloud droplet number concentratidsiy(), which exhibit deviations of
upto 89gm 2and 177cm 3, respectively. For, these deviations can be almost completely mitigated byisesof the
HRV channel as a physical constraint, and by applying most@presented downscaling schemes. Uncertainties ievetti

re atthe native SEVIRI resolution are smaller and the improetsfrom downscaling the observations are less obvious tha
for . Nonetheless, the right choice of downscaling scheme yietdiceable improvements in the retrieved. Furthermore,
the improved reliability in retrieved cloud products resuh signi cantly reduced uncertainties in derivéd, andNp. In
particular, one downscaling approach provides clear ingreents for all cloud products compared to those obtainem fr
SEVIRI's standard-resolution and is recommended for Ridownscaling endeavors. This work advances efforts t@atéi
impacts of scale mismatches among channels of multi—résolimstruments on cloud retrievals.
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1 Introduction

In studies of the role of clouds in the climate system, thedisral solar re ective method described by Twomey and $eto
(1980); Nakajima and King (1990); Nakajima et al. (1991) idely used to infer cloud optical and physical propertiesrir
satellite—based sensors. Based on observations of sa@atanece ¢) from a channel pair at wavelengths with conservative
scattering (usually aroun@6 m or 0:8 m) and signi cant absorption by cloud droplets (common chelararel:6 m,

2:2 m, and3:7 m), respectively, this method simultaneously estimatesctbed optical depth () and effective droplet ra-
dius (e ) of a sampled cloudy pixel. This method however relies on mlmer of assumptions which are often violated in
nature: clouds are considered to be horizontally homogehand to have a prescribed vertical structure, which is rgdige
assumed to be vertically homogeneous or to show a lineagaserof liquid water content as predicted by adiabatic theor
(see the discussions in Brenguier et al., 2000; Miller et24116). Moreover, the observed cloud top re ectance eldissi-
ally described by one—dimensional (1D) plane—paralleltac transfer, which neglects horizontal photon tramspetween
neighboring atmospheric columns.

Use of the independent pixel approximation (IPA, see Cahelal., 19944, b) produces uncertainties in the retrieladic
variables that are dependent upon the horizontal resolatidhe observing sensor. For sensors with a high spatialues
tion, the observations resolve the actual cloud heterageméhich are unaccounted for in the IPA approach. This lgua
results in an overestimation of bothandr, , as reported in Barker and Liu (1995); Chambers et al. (199@yshak et al.
(2006). Conversely, for observations with a low spatiabhetion, the actual cloud heterogeneity cannot be resol\vete-
over, the chances of clear—sky contamination within a ¢jopietel increase with increasing spatial resolution. As sute
an underestimation (overestimation) of retrieve@@. ) is usually observed (Marshak et al., 2006; Zhang and Rlat2i011;
Zhang et al., 2012; Werner et al., 2018b). These uncergiatie propagated to the liquid water cont&¥t § and the droplet
number concentratioN(p ), which can be estimated from retrieveédndr, . Estimates ofNp are especially susceptible to
uncertainties irre , which impacts the reliability of aerosol-cloud—interantstudies (Grosvenor et al., 2018). The analysis
in Varnai and Marshak (2001) suggests that a horizontaésalaghroundl. 2km minimizes the combined uncertainty from
unresolved and resolved cloud heterogeneity. While gfiesego mitigate the effects of unresolved cloud variaphiave been
recently reported in Zhang et al. (2016); Werner et al. (2018 ese techniques become less successful with loweldties
sensors like those operated on geostationary satellites.

Remote sensing from geostationary platforms such as theddat Spinning Enhanced Visible and Infrared Imager (SE-
VIRI) offers unique capabilities for cloud studies not dable from polar orbiting satellites. These advantagelkigdemore

frequenttemporal sampling of individual regions and thiétgsitho capture the temporal evolution (Bley et al., 2016n$and Deneke,

2017) and diurnal cycle of cloud parameters (Stengel e2@1.4; Bley et al., 2016; Martins et al., 2016; Seethala ePall8).
However, SEVIRI pixels are characterized by a lower spagablution of its narrow—band channels compared to other op
erational remote sensing instrumentation, like the Ma@eResolution Imaging Spectroradiometer (MODIS, Platrical.,
2003) or the Visible Infrared Imaging Radiometer Suite &3, Lee et al., 2006). Given the increase in retrieval unaest
due to the IPA constraints, there is a desire to increaseed@ution for geostationary cloud observations.
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The aim of this manuscript is to critically evaluate seveatdidate approaches for downscaling of the SEVIRI narrow—
band re ectances for operational usage and to identify tlestnpromising of these schemes, exploiting the fact that in-
formation on small-scale variability is available from hsoadband high—resolution visible (HRV) channel. The gthy
Deneke and Roebeling (2010) presented a statistical dalmgcapproach of the SEVIRI channels in the visible to near-
infrared (VNIR) spectral wavelength range. This method esalise of the fact that SEVIRI's high—-resolution channel can
be modelled by a linear combination of th&8 m and0:8 m channels with good accuracy (Cros et al., 2006). This study
advances these efforts in three ways: (i) it explores otlessiple downscaling approaches, which might improve upen t
statistical downscaling scheme, (ii) it introduces tegleis to accurately capture information on the small-s@aéctance
variability in thel:6 m-channel, which predominantly arises from variations fe@ifve droplet radius, and (iii) it studies the
impact of the various downscaling techniques on the sulesgtyuretrieved cloud properties.

A critical requirement, formulated at the start of this waskto maintain a target accuracy for the retrieved effectadius
based on the lower—resolution observations, while hopindgurther improvements. This goal was set because the &rror
effective radius will propagate into other cloud producistsas vertically integrated liquid or ice water path or tloeid droplet
number concentration, thereby potentially corrupting gains in accuracy obtained from the improved spatial régoiu
However, without an independent reference data set, itp®asible to determine whether this target can be met. Thgiseh-
resolution re ectance observations from Terra—MODIS amapped to SEVIRI's HRV and standard resolution grids here a
basis for a thorough evaluation of the accuracy of the nadecloud parameters. This allows us to objectively benchirtiee
accuracy of candidate approaches by comparison of resattsd true 1km-resolution re ectance data set, and processed
with an identical retrieval scheme. Note, that even thdawdd cloud products from a hypothetically perfect dowtinga
technique would still be impacted by the effects of resolaad unresolved cloud variability. Therefore, the resuftths
study will not help to mitigate the uncertainties assodatgth the retrieval schemes of similar 1 km—sensors (e.g., clear—
sky contamination, plane—parallel albedo bias, 3—dineradiradiative effects).

The results of this study are relevant for many other passivellite sensors, which, like the SEVIRI instrument, tieat
multiple resolutions for the conservative and absorbingnectels. Similar con gurations exists for the MODIS instremnt
(250 mhorizontal resolution versi&0mfor the0:6 m and2:1 m channels, respectively), VIIRST75mversus/50m), and
GOES-R 500 mversusl km).

The structure of the paper is as follows: Section 2 deschb#sthe SEVIRI and MODIS instruments used as basis for this
study, as well as the covered observational domain. A briefwaew of the SEVIRI cloud property retrieval algorithngisen
in Section 3, followed by a description of the different catade approaches for the downscaling of the narrow—band BEV
channel observationsin Section 4. An example of lower— égltdn—resolution cloud property retrievals is presentesdction
5. A statistical evaluation of the different downscalingpegaches based on remapped MODIS observations followscitioBe
6 for a limited number of example cloud elds. Finally, a coangon between a full downscaling scheme and a VNIR—only
approach (similar to Deneke and Roebeling, 2010) is give&eiction 7. The manuscript presents the main conclusionaand
outlook in Section 8.
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2 Data

This section gives an overview of both the SEVIRI and MODIS1inments in Section 2.1 and 2.2. Here, the respectiverspect
channels of interest for this study are listed. Subsequeh# observational domain is described in Section 2.3.

2.1 SEVIRI

The current version of European geostationary satelli¢se Meteosat Second Generation, which has provided ogpeahat
data since 2004 (Schmetz et al., 2002). The SEVIRI imagenstailed aboard the Meteosat—8 to Meteosat-11 platforms,
which are positioned above longitudes9o E and0:0 longitude, respectively. One SEVIRI instrument sampledtii disk

of the Earth fromD:0 longitude with a temporal resolution of fteen minutes. Hever, a backup satellite positionedet E

also scans a Northern subregion with a temporal resolufioreaninutes (the so—called Rapid Scan Service). These $enp
—in our case from Meteosat—9 — provide the observationallBE§ata set for the following analysis.

This study mainly considers observations from SEVIRI'sasak ectance channels 1-3, as well as from the spectrally
broader HRV band. These channels cover the VNIR and shoetivdkared (SWIR) spectral wavelength ranges. The two VNIR
re ectances £gs andrpg) are sampled in bands 1 and 2, respectively, and are cergsyadd wavelengths=0:635 m and

=0:810 m. SWIR re ectancesi(;g) are provided by channel 3 observations, which are centemthd =1:640 m. The
horizontal resolution of the channel 1-3 sample® is3km? at the sub—satellite point and increases with higher serestth
angles. Conversely, the broadband re ectanggs are sampled at SEVIRI's HRV channel at a horizontal scalg ofl km?
at the sub—satellite point. These observations cover thetish range 00:4  1:1 m.

As context for the present study, the reader is remindedhtieagpatial resolution of geostationary satellites isisigntly
reduced at higher latitudes due to the oblique viewing gegmEor Germany and Central Europe as considered in this
paper, the pixel size is effectively increased by a factanafin North—South direction as a result. In addition, th&tidiction
between sampling and optical resolution needs to be aclatgeld. While the former determines the distance betweended
samples, the latter is given by the effective area of thecapsystem, which is larger by a factor of 1.6 than the samgplin
resolution for SEVIRI (Schmetz et al., 2002). The spati@panse of optical systems is commonly characterized by thei
modulation transfer function, which describes the respaishe optical system in the frequency domain.

Further information about the spectral width of each SEMiRANnnel, as well as the respective spatial response and-modu
lation transfer functions, can be found in Deneke and Raetp€2010).

2.2 Terra—MODIS

The 36-band scanning spectroradiometer MODIS, which wasclzed aboard NASAs Earth Observing System satellites
Terra and Aqua, has a viewing swath width)B30km, yielding global coverage every two days. MODIS collecttada

the spectral region betwe@®415 14:235 m, covering the VNIR to thermal—infrared spectral wavelémginge. In general,
the spatial resolution at nadir of a MODIS pixellifd0O0Om for most channels, although the pixel dimensions increasards

the edges of a MODIS granule. Only observations from theaTsatellite launched in 1999 are used here, due to broken



10

15

20

25

detectors of th&:64 m channel of the MODIS instrument on the Aqua satellite. Infation on MODIS and its cloud product
algorithms is given in (Ardanuy et al., 1992; Barnes et 898; Platnick et al., 2003). The current version of the leMel
radiance and level 2 cloud products used is Data Collectibr{@6.1).

2.3 Domain

In this study, data from a subregion of the full SEVIRI disksHzeen selected. This region, which is located within the
European subregion described in Deneke and Roebeling J2B1illustrated by the red borders in Figure 1. It is cendere
around Germany due to its intended domain of applications(tfirom here on it is referred to as Germany domain) and
comprises the latitude and longitude ranges of4:30 57:77 and 0:33 21:65, respectively. This domain includes
240 400lower—resolution pixels (i.e., the native SEVIRI resadutiof channels 1-3) and is far away from the edges of the
full SEVIRI disk, ensuring that the observed viewing zeratigles are 70 .

Due to the increased sensor zenith angles the spatial tisspdi each SEVIRI pixel is degraded. The average pixel size
6:20 3:22kn? and2:06 1:07kn? for channels 1-3 and the HRV channel, respectively. To avoidusion, we will use the
desingations LRES (abbreviation for lower—resolution) &iRES (abbreviation for higher—resolution) scales torredehe
3 3km?andl 1km? pixel resolutions from here on.

A relatively small domain was chosen, because the numbeixefspto be processed will expand by a factor3of 3,
increasing the computational costs of the subsequent @oagerty retrievals by roughly one order of magnitude. ptder
some regional dependencies introduced by changes in thial@nee of speci ¢ cloud types, we expect results of our wtiod
also be valid for other domains.

3 SEVIRI cloud property retrieval algorithm

Retrieved cloud variables in this study are provided by ttrei@Physical Properties retrieval algorithm (CPP; Roielgett al.,
2006), which is developed and maintained at the Royal Duteltebtological Institute (KNMI). It is used as basis for the
CLAAS-1 and CLAAS-2 climate data records (Stengel et all&28enas et al., 2017) distributed by the Satellite Appidca
Facility on Climate Monitoring (Schulz et al., 2009). Usiadgookup table (LUT) of re ectances simulated by the Dougtin
Adding KNMI (DAK: Smith and Timofeyev, 2001) radiative trafer model, observed and simulated re ectance8:@t m
and1:6 m are iteratively matched to yield estimates ofindr. . The CPP retrieval uses the cloud mask and cloud top
height products obtained from the software package deedlapd distributed by the satellite application facilitySafpport

to Nowcasting and Very Short Range Forecasting (NWCSAR)siva 2016, as input (Le Gléau, 2016). The former product
identi es cloudy pixels for the retrieval, while the infoation on the height of the cloud is used to account for thecesfef

gas absorption in the SEVIRI channels.
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4 Candidate methods for downscaling SEVIRI re ectances

This section describes the necessary steps to convert gwamcesr g, og, andrig, available at SEVIRI's native LRES
resolution, to reliable estimates of higher—resolutioactancesryg, fog, andfys, together with matching cloud properties, at
the HRES scale of the HRV channel. This downscaling procii&zsas the high—resolutiony, observations.

As a rst step, all re ectances are interpolated to the HRWgrsing trigonometric interpolation, implemented based o
the discrete Fourier transform and multiplication with thedulation transfer function (see Deneke and Roebeling) 2@r
details). While this step increases the spatial sampliaglu¢ion, it does not add any additional high—frequencyalality. In
fact, after interpolation, the re ectance values of thetcalpixel of each3 3 pixel block equal those of the corresponding
standard-resolution pixel re ectances. However, the Igiegart from the central one contain information about Hrgd—
scale re ectance variabilty and can be considered as aihadgfjh—resolution approach. This approach already ingsthe
agreement with true higher—resolution retrievals, aslvalshown later in this study.

Three conceptually different downscaling techniques tprowe upon this baseline method are described: (i) a statist
downscaling approach based on globally determined covagmbetween the SEVIRI re ectances in Section 4.1, (ii)calo
method based on assumptions about the ratio of re ectarigifferent scales in Section 4.2, and (iii) a technique cuorinig
globally determined covariances between the VNIR re ectmand the shape of the SEVIRI LUT, while assuming a constant
re within a standard SEVIRI pixel in order to constrain the SWé&Rectance in Section 4.3. As variations of this last tech-
nique, two additional approaches are considered to imprpee the constamt, constraint in Section 4.4. As will be shown,
each of these approaches has advantages and disadvaatafjttee impact on the cloud property retrievals will be eatdd
in Section 6 for a number of example scenes by means of ctdldddODIS observations.

As is discussed in Sections 4.1-4.4, the derived re ectafgeandryg, as well agyg, include an estimate of the spectrally
dependent, high—frequency variability of an image, andased on the actually observeg, . These re ectances are different
from those obtained by trigonometric interpolation of teepgective channel observations at the native scale to tliwoh¢al
resolution of the HRV channel (i.e., the baseline approaghich are denoted byg, Fog, andrg. While these latter variables
also have a higher horizontal resolution of the HRV chantiedy only capture the low—frequency variability resolvad b
SEVIRI channels 1-3.

4.1 Statistical downscaling

The statistical downscaling algorithm for the two SEVIRI MRNre ectances was rst reported in Deneke and Roebeling
(2010) and assumes a least-squares linear model that fglesdr g to the re ectances in the HRV channel (see Cros et al.,
2006) in the form:

ey i = a rog+ b ros: (1)

Here, the HRV channel observations are rst smoothed wighnttodulation transfer function of the lower—resolutionroiels,
which yields re ectancesyy at the same HRES horizontal resolution, adjusted to thefi@gdency variability at the spatial
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scale of the channel 1-3 observations. Subsampling theat@itel of eact8 3 =9 pixel block subsequently yieldsyy i
at the same LRES horizontal resolutionrgg androg (here, the subsampling of the eld is denotedHuy. The variablesa
andbare t coef cients that are determined empirically by a leajuares linear t. In order to derive a statistically sigant
and stable linear model, the coef cierasandb are calculated hourly betwe®8 : 00 16 : 00UTC within 16—day intervals.
Results for the time ste@8 : 00UTC are derived from 5—-minute SEVIRI rapid—scan data betMd@e 00 08: 25UTC, while
the16 : OOUTC time step is comprised of SEVIRI observations betw&en30 16: 00UTC. For all time steps in between,
data is from all samples after minu2& of the prior hour up to minut@5 of the current hour (e.g., t coef cients for time step
09 : O0UTC are calculated from SEVIRI observations betw88n 30 09 : 25UTC).

Values of hourly—derived t coef cients for the Germany dam between 1 April and 31 July 2013 are shown in Figure
2(a) and 2(b) fora andb, respectively. Here, circles represent the respectiveodfcient for each 16—day interval, which
is indicated by the rst Julian day in the time period. Coltnighlight the different UTC time steps. It is obvious thatHbo
coef cientsa andb are very stable and show no noticeable variation from hotwotar, as well as from one 16—day interval
to another. Considering all hourly data and each 16—dayiatethe median t coef cients ar®:63 (for a) and0:40 (for b),
with low interquartile ranges (IQR) @%03. The only exceptions are the t coef cients derived for thest time period of 1-17
April 2013, especially for the morning and afternoon hodr8®: 00 09 :00and13:00 16:00UTC. Hereaandbdeviate
signi cantly from the other results, with values of 0:50and 0:52, respectively, likely due to an abundance of observations
with large solar zenith angles of > 60 in the eastern part of the domain.

The high—frequency re ectance variations for the SEVIRINHEhannel (r uy ) are calculated as the difference between the
observedyy andryy , which only resolve the low—frequency variability:

FHy = Thy  Fav: (2)

Following the linear model in Eq.(1), the high—frequencyiatons of the channel 1 and 2 re ectancessgs and r og) are

linked to r v Vvia:

ros = Sos Ihv

Frog = Sog lHv: 3)

The optimal slopeSps andSps, which minimize the least—squares deviations, can be el@fiom bivariate statistics:

s
K = k2 var(rog)
tT a2 var(ros)
1+ky cor(ros;ros)
Sog = 3 ;
a 1+ki“+2kq Cor(roa,rog)
s -
a2 var(rog)
ko —_-—
k2 var(rog)
1+ ko cor(ros;r
Sos = 2 (ros;ros) : @)

b 1+ k22+2k2 Cor(rog;roa)



10

15

20

25

30

Here,cor(ros;rog) is the linear correlation coef cient between the channehdl & re ectances, whilear(ros) andvar(rog)
are the spatial variances of the respective samples. Matithe sampling resolution of all re ectances is the LRESe¢i.e.,
3 3km?).
As a result, the high—resolution re ectana®g andfyg, which include the high—frequency variations, can be defifrom
the interpolated re ectances as:

fos fos+ I 06

tfog+ I 08! 5)

fog

Note, that onlyfsg is used for the retrieval.
Similar steps can be applied for the calculationfgf. Again, a simple linear model is assumed to conmggtto the
lower—resolutiortryy i at the spatial scales of the channel 1-3 observations:

My i = € rie: (6)

The symbolc is used to denote the respective t coef cient, which neenlbé¢ determined empirically. Similar to the coef -
cientsa andb from the linear model for the VNIR re ectances,s calculated hourly betweddB8: 00 16:00UTC within
16—day intervals. It has to be noted, however, that in cehtoathe VNIR re ectances, this t does not have a clear phgki
motivation, as there is no spectral overlap with the HRV ctehn

The temporal behavior of the t coef ciert for the Germany domain for the time period between 1 April ahduly 2013
is shown in Figure 2(c). In contrast to the coef cieatandb, there is a noticeable trend in the data, both diurnally anthd
the transition from 1 April to 31 July. For each 16—day intdrthe variability in the hourly derived values ranges between
IQR=0:05 0:15, while the median 16—day value varies betwéd¥ and1:25. Overall, the mediag is 1:16, with an IQR
of 0:08 (i.e., almost three times larger than the one for the coehtsa andb). The observed trends and larger IQR in the
¢ data set shown in Figure 2(c) illustrate that the linear nhad&qg.(6) is not ideal, and is expected to introduce sigant
uncertainties in the calculation efs. This behavior is expected, as the relationship betweerRvid SWIR re ectance can
usually not be described by a linear function (see discassioWerner et al., 2018a, b, as well as the LUT examples iarEig
4 later in this study). For a constarg there is a linear increase mg with increasingr g, as the cloud optical thickness
increases. However, the slope of this linear relationsigpgases with decreasing . For > 10the relationship betweang
andrg is characterized by a prominent curvature, while for 10 theris become independent ofs. Therefore, the t
coef cientsc depend on the distribution of cloud optical and microphgisgarameters, which varies widely with cloud type,
meteorological conditions and different dynamic processe

Values offg can be derived similarly to Eqgs.(3-5) for the channel 1 anseovations:

re = Sis lhv
S, = cov(rie; hfnv i)
6 = ——
var(rig)
fie = Fiet+ I 16! "
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Note, that the use of linear models and bivariate statistieans that the downscaling algorithm described in this@sed
an example of statistical downscaling techniques, whiehcammon in climate science applications (e.g., Benest@iil )2
While for the VNIR channels the spectral overlap with the HE\annel and the spectrally at properties of clouds proade
sound physical justi cation for this technique, this is tloé case for the SWIR channel.

The reliability of the linear model in Eq.(1) depends upoe ttorrelation between channel 1 and 2 re ectances (i.e.,
cor(ros;ros)), as well as the stability of the t coef cienta andb. The analysis in Deneke and Roebeling (2010) concludes
that the explained variance in the estimategfandryg is close tal, corresponding to low residual variances, which indicates
that the linear model is robust. Moreover, the two t coekdits are found to exhibit very low variability, as shown igiies
2(a)—(b).

To verify the reliability of the linear model with a large SBM data set, a joint PDF of the actually observedy i and
the results from Eq.(1) is shown in Figure 3(a); data is frdhB&VIRI observations within the Germany domain during
June 2013. In case of an ideal linear model, as well as a perterlation between the two re ectances, Eq.(1) would
replicate theryy i observations. Conversely, deviations from these assomptwill yield different results from the sampled
SEVIRI re ectances. It is clear that the linear model cariafglly reproducdryy i, as most of the observations lie on the
1:1 line, and Pearson's product—-moment correlation caeft(R) is R =0:999 While some larger deviations exist, such
occurrences are signi cantly less likely (i.e., the joimbpability density is several orders of magnitude lowentliee most—
frequent occurrences along the 1:1 line). Regardigg the assumption of a linear model is evidently awed, beeate
relationship between VNIR and SWIR re ectances dependseroptical and microphysical cloud properties. As a result,
single linear slope, which describes the whole relatignbbiween the two re ectances for all distributions of clqudperties,
will introduce signi cant uncertainties. This is illusteed in Figure 3(b), where the Joint PDF ey, i and the results from
the linear model in Eq.(6) are shown. The comparison betweeriwo data sets reveals a much larger spread around the
1:1 line and a lower correlation coef cient. Overall, thdationship resembles the shape of a LUT, displayed in forrhef
well-known diagram introduced by Nakajima and King (199@ere changes in. resultin a spread in the observed SWIR
re ectances (see, e.g., Werner et al., 2016).

To test the impact of changesarandb on the derivedtys andfyg, two experiments are conducted: (i) the t coef cients are
derived only from cloudy pixels and are compared to the higtesolution results frora andb, which are derived for all pixels;
and (i) the Germany domain is divided int®0 100 knf—subscenes and the t coef cients are derived more locailyin
each subscene instead of globally from the full domain. 8gbently, statistics from the difference between the twa dats
are calculated. Data is from 14 June 2013 at 14:05UTC. Foeraxent (i), thelst, 50", and99" percentiles of the relative
difference infys (de ned as the difference between the re ectances from aidydy data and the full data set, normalized
by the full data set) are 0:08; 0:02;0:03% while for fyg the analysis yields 0:04;0:02; 0:19%. Similarly, experiment (ii)
yields relative differences of 0:08;0:03;0:36%and 0:17;0:00;0:19%for fyg andrfyg, respectively. These deviations are
negligible compared to the measurement uncertainty andaibt the correlation coef cients between the differeiata sets
areR  1:00. This con rms the robustness of the linear model descrilmeBd.(1). For the derivation dfg from Eq.(6), a
slightly increased sensitivity to the t coef cierttis observed. Here, experiment (i) yields percentiles ofétetive difference
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of 0:16;0:08;0:86% whereas experiment (ii) results in0:39; 0:01;0:40% While slightly higher deviations are observed
compared to the linear model for the VNIR re ectances, theautainty inf,g induced by the variability it is still signi cantly

lower than the measurement uncertainty.
4.2 Constant Re ectance Ratio Approach

Compared to the downscaling approach in Section 4.1, whexeef cients for a linear model are derived over a large tenap
and spatial domain, this second method uses local reldijpsigi.e., on the pixel level) between the SEVIRI re ectaac
The Constant Re ectance Ratio Approaglas introduced by Werner et al. (2018b) and is based on thergw®on that the
inhomogeneity index of the HRV re ectancE ( v , de ned as the ratio of standard deviationy to the average, pixel-level
re ectancelryy i) equals that for the channel 1 re ectanéd¢ (ps). This implies a spectrally consistent subpixel re ectanc
variability. The relationship can be written as:

1
I

H: o6 : HY
06 _ HV
q _ l'os H‘Hvi _
71 i :j (fos;i  Tos)? ~ 71 i :j (rav:i h Fay i)zl g
r'os - Py i ’ ®)

where the index=1;2;:::;9indicates any one of the nine available HRES—subpixeldmiétower—resolution SEVIRI pixel
(i.e., at the LRES scale of channels 1-3). This relationsaipbe further simpli ed, assuming that this relationsisipiso true
for individual pixels:

fosi Tos _  Thvii hFavi
l'os My i
Moe:i _ los )
TV ;i by i

The relationship in Eqg.(9) suggests that the ratio of chhhrasd HRV re ectances (i.e., harrowband and broadband VNIR

re ectances) remains constant for different scales. Tthis,approach is called tHeéonstant Re ectance Ratio Approach
Finally, we can mitigate some of the scale effects by sulistiy the lower—resolution variables with the higher—teson

re ectances that resolve the low—frequency variabilite (iros andry ) and solve foifps:

Fos
fog = I — 10
06 HV Fry ( )

Similarly, higher—resolution SWIR re ectancég can be derived from:

16
=T — 11
16 HV Fry ( )

As before, the relationship implies that the ratio of VNIRIEBWIR re ectances remains constant for different scaldss T
assumption has been shown to be reasonable, at least fealypthin (i.e., 10) liquid water clouds over the ocean
(Werner et al., 2018b).
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4.3 Lookup Table Approach

A third method to derive high—resolution cloud propertyimtals for SEVIRI utilizes an iterative approach to detarenr og
and r 15 independently, based on the shape of the LUT, while cométrgqithe observed, to that of the baseline approach
(i.e., simple trigopnometric interpolation, which yields eéctancesrys andrg that only resolve the large—scale variability).
While the previous approaches can be implemented as a paegsor outside the actual retrieval, this method regatcesss
to the LUT and has thus been implemented through modi catmirthe CPP retrieval algorithm.

Again, a simple linear relationship betweeny, , r gs and r og based on Eq.(2) is assumed:

Frv =a rog+ b ros; (12)

where the t coef cientsa andb are determined from the same techniques as described iwiBdct. The variationr  of
the HRV channel is obtained from the observations followkitg(2), while r og is calculated as the difference betwagp
from high— and low-resolution optical thicknes®ased on the functional relatiéh of the re ectances and cloud properties
stored in the LUT (which motivates the name of this methoderéfore,r o can be derived from:

1
a (rav b rog);

foe =
fos = +ost+ I o6,
ros = Fog("rfe) F og(=5Fe): (13)

Note that the addition ofr ¢g in the calculation ofr g helps to account for the noticeable increase in surfacedalloé
vegetation—Ilike surfaces at  700nm (i.e., the vegetational step). This should improve thienagion of r o for thin clouds
(i.e., < 10) and cloud—edge pixels. For the SWIR re ectance, insteatklying on the imperfect linear model in Eq.(6)
or assumptions about the inhomogeneity inéiex;s, the adjustmentr 16 is determined iteratively to conserve the coarse—
resolution, pixel-level (i.e., LRES scale of channels +8)e of the effective droplet radius. To reduce some of #seciated
uncertainties, the effective droplet radius based on thext@nces from triangular interpolation can be used indtefithe
LRES result. If~andr, are the cloud properties based on trigonometric interfwolaand™ andr, are the higher—resolution
retrievals, which are derived from an inversion of the fumtal relationship ) between the high—resolution re ectandi@s
andrfye following:

(Nt )=F Y(rog+ rosiFe+ I16); (14)
then r 16 can be determined as:
re=Fie(hfe =t ) F 16(5Fe ): (15)

This implies that a positive or negativiegs is connected to a positive or negative using the LUT to adjust the SWIR
subpixel re ectance variations in such a way to be repregaet of the respective standard—resolutign. As a result, we do
not expect any improvement for tlg retrieval during the transition to smaller scales. Insieeel try to nd a physically
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reasonable constraint for 15 to achieve a reliable retrieval of the higher—resolutiorwhile retaining the accuracy of the
standard—-resolution retrieval Bf .

The LUT Approachis illustrated in Figure 4(a), where an example SEVIRI ldyphase LUT for a speci ¢ solar zenith
angle (o =40 ), sensor zenith angle £ 20 ), and relative azimuth anglé (= 60 ) is shown. Vertical dashed lines and values
below the grid denote xed, while the horizontal dashed lines and values right of thedenote xedr. in units of microns.
The green dot highlighted by the capital letter "A" repraésem example SEVIRI re ectance pair of approximatejy = 0:33
and Fg = 0:34, which maps to~=8 andr, =12 m (i.e., the retrieval result for the high-resolution re antes from
trigonometric interpolation). The red line highlights the =12 misoline. The two horizontal, blue arrows indicate a positiv
(r 0s:1) @and negative ( gs:2) adjustment tapg based on Eq.(13). Without an adjustment{g, these newly derived higher—
resolutionfys map to signi cantly larger and lower effective droplet ragli aboutf, =29 mandf, =5 m, respectively.
The adjustments 16.1 and r 16.2 Simply assure that the prior effective radius retrievalrissgrved (i.efe = e ). Due to
the curvature of the isolines of xeel, given by the LUT, small deviations of the coarse-resoluéieerage frontg can still
occur.

Note that theLUT Approachrequires a prior cloud phase retrieval (either from the lewesolution or interpolated re-
ectances) to determine the correct LUT for either liquidtesor ice.

4.4  Adjusted Lookup Table Approach

In order to improve the estimation af 15 in the LUT Approachtwo modi cations to the previous assumption are introdlice
in this section. The rst one aims to provide a more realigstimate oftr, compared to the coarser LRES result, which
subsequently is used to determinggs. The value of+ is derived from adiabatic theory, which provides a phy$jcsdund
relationship between the derived high—resolution clouthides:

a

1>

fe = Fe (16)

Based on observations, the study by Szczodrak et al. (2@dijneed the value ofa 0:2 predicted by theory for marine
stratocumulus, so this is the value also adopted here. Ppioach is illustrated in Figure 4(b), where the retrieval based
on the interpolated re ectances at point "A" is indicatedtbg redr, —isoline. During the rst iteration step ¢ is derived
from Eq. (13) andr 15 =0, which maps to* in the LUT (the exponent indicates the rst iteration step). This value is
highlighted by the vertical, blue line. Based on Eq. (16) teeresponding, adiabatity is calculated (highlighted by the
horizontal, blue line). This value determines the adjustime;s. Note, that the resulting re ectances at point "B" do not
exactly map to~! after the rst iteration. As a result, multiple iterationseanecessary to derive the nal cloud properties. It
has however been relatively simple to merge this iterativm the iterative retrieval loop of the CPP retrieval.

A second approach to improve upon theT Approachagain utilizes the shape of the LUT to derive a local sI§oe
@1s=@¢s from the simulated LUT re ectances. The value $fis calculated at the position denoted byandre . In the
iterative CPP retrieval, this requires that both low— arghhresolution cloud properties are estimated during e@chtion
until convergence of both properties is achieved. Thisa@ggh is illustrated in Figure 4(c). Again, the initral retrieval based

12



10

15

20

25

30

on the interpolated re ectances at point "Al1" is indicatgdtlbe redr, —isoline. The slop&,a; at this position in the LUT is
highlighted by the solid, blue line. Based on the deriveg@slandr o from Eq. (13) the corresponding;s can be calculated
for each iteration step. Two additional examples for ihgtarting points ("A2" and "A3") and the respective slop8g,(and
Saz) are also shown. These examples indicate the change in felogéferent parts of the LUT. For sma#, the slopeSas
become steeper, which leads to a larger adjustrnggt Meanwhile, for large-> 30 (for this speci ¢ viewing geometry and
LUT) the ~andr, —isolines are nearly orthogonal and both the respectivieSa, and r 15 are close td.

Both approaches introduced in this section have advantagkdisadvantages, but promise to improve on the stardérd
Approach While physically sound, adiabatic assumptions might hetigs be appropriate, especially for highly convective
clouds or in the presence of drizzle. Meanwhile, langg adjustments might map to a point in the LUT where the derived
local slopes at the position ef andr, might not be representative anymore.

5 Example retrievals

An example of a standard SEVIRI red, green, and blue (RGB)puwmite and the respective cloud property retrievals zinij

the nativergg andrig, are shown in Figures 5(a)—(c). In comparison, the retlimsults using the downscalégds andfyg
from the Adjusted Lookup Table Approachising theLUT Slope Adjustmenéare presented in Figures 5(d)—(f) for the same
cloud eld. The exampleisa 100 100knf—subscene of SEVIRI observations of an altocumulus eldicwiwas acquired

on 9 June 2013 at 10:55 UTC over ocean within the Germany dormhe three illustrated parameters are an RGB composite
image of SEVIRI channel 3, 2, and 1 re ectance in panels a)@nthe cloud optical thicknessand” in panels b) and e),

as well as the effective droplet radius andf in panels c) and f). For the cloud variables only liquid—ghpixels are
shown. An increase in contrast and resolved cloud strugfanasible in the higher-resolution RGB composite. Rempaythe
retrieved cloud properties, the elds of lower-resolutiomndr, are a lot smoother and the results exhibit less dynamical
range than their higher—resolution counterparts. Oneocntsvéxample is the bright cloudy part aloBg6 N, where > 45

are observed. Moreover, the region of low in the north—eastern corner of the scene exhibits more mabvalues in the
higher—resolution data set.

6 Evaluation of downscaling techniques with MODIS data

This section presents an evaluation of the different doalitsg techniques, which are introduced in Section 4, by raedn
MODIS observations. MODIS provides re ectances at a hartabresolution of 1 1km?. These observations are remapped
to the higher—resolution grid of the SEVIRL, —band samples, thus simulating a hypothetical SEVIRI-djgestationary
instrument, where all channels are provided at the HRE® sthls provides the means to derive reference retrievalsaofd

re . Note, that even though these reference retrievals arenpeefl at a higher resolution th&' —notation is omitted, because
these cloud products are derived from actual observatindsage not the estimates obtained from the various dowmscali
techniques.
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Remapping MODIS re ectances to SEVIRI's LRES grid (i.e ethative resolution of channels 1-3) subsequently provides
the means to apply the various downscaling schemes, as svétleasimple triangular interpolation approach, in order to
compare the retrieved cloud products (i£.andf. , as well as~ andr. ) to the reference results. Naturally, the ideal
downscaling approach would yield results that closelyrdgde the MODIS—provided HRES observations. Furthermde, t
ideal downscaling approach would also represent an impnewnt upon the simple interpolation technique. The reader is
reminded, that the latter data are still available at a higésolution than the native LRES grid of the SEVIRS, ros, andr i
channels, but no longer contain any information about tga-Hrequency re ectance variability. As the simplest aygwh to
derive higher—resolution cloud products, these resuéisalied the baseline results.

In addition, a comparison can be made to those cloud vasatlkich would be obtained from re ectances at SEVIRI's
native spatial resolution by setting ea&h 3 HRES pixel block to the LRES value.

Figure 6 shows RGB composites of the four example sceneshvaoimprise the data set for the evaluation of the different
downscaling techniques. The scenes are increasingly neteedgeneous, starting with a rather homogeneous altdasmu
eld in Figure 6(a), two more heterogeneous broken altoclusmiexamples in Figures 6(b)—(c), and nally a broken cunsulu
eld in Figure 6(d).

Meanwhile, Table 1 summarizes the different retrieval expents that form the comparison in this section. For thes s#k
completeness, the reference data (i.e., the results frelI@DIS re ectances, which are remapped to SEVIRI's HRES)gri
are also included. Retrievals based on remapped MODIS d&&aVYIRI's native 3 km—scale are reproduced to each of the 3x3
subpixels to match the horizontal resolution of the refeeeresults. Meanwhile, the cloud products derived frormtidar
interpolation of the remapped LRES—MODIS samples are medieio as the baseline data set, as this is the easiest approac
and any reliable downscaling technique needs to add an iraprent on those results. Experiment 1 denotes the statistic
downscaling approach from Section 4.1, while retrievakelleon theConstant Re ectance Ratio Approaahd theAdjusted
LUT Approachwith LUT Slope Adjustmergre indicated as experiments 2 and 3, respectively. Naae wh also performed
analysis for the standatdJT Approachas well as thé\djusted LUT Approactvith Adiabatic AdjustmentHowever, we will
only brie y summarize the results of these downscaling scég where necessary.

First, the collocation and remapping procedure for thevedODIS re ectances is brie y described. A comparison beem
the retrieved cloud products from the LRES resolution—cta@ces and those from triangular interpolation, as wethas
different downscaling procedures, and the reference teefoillows in Section 6.2. These retrievals can be used tiwealer
estimates of the liquid water conteiV/( , W, and\W, ) and the droplet number concentratidfy, N'p, andN ), which are
evaluated in Section 6.3.

6.1 Reprojection of MODIS swath radiances to the SEVIRI grid

To obtain a reliable higher—resolution reference dataMeDIS level 1b swath observations (MOD021km) have been pro-
jected to the grid of SEVIRI's 3y samples, which corresponds to the Geostationary Satgtiiiection at the HRES scale.
Initially, the native HRV grid is oversampled by a factor bfée in each dimension (i.e., the target grid has283m resolu-
tion), and nearest—neighbor interpolation is used for tiogeption. This oversampled eld is subsequently smootivét the
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modulation transfer function of the HRV channel as given BUMETSAT, 2006), to remove high-frequency variability not
resolved by the sensor and, in particular, the artifactséhtced by the nearest—neighbour interpolation technignally, this
eld is downsampled, such that only each central pixel & a3 block (each pixel with a horizontal resolution 883m) is
retained to represent the HRES-value.

To perform the subsequent downscaling experiments, a destnof level 1b radiances are generated, where the spatial
variability is reduced to match that of the LRES—channelslefeosat SEVIRI. This step again involves the smoothingnef t
respective re ectance eld with the channel-speci ¢ modtibn transfer function of the lower—resolution SEVIRI ohals
(EUMETSAT, 2006). This data set represents hypotheticIBE-like observations at the native LRES resolution.

In addition, a band—pass lter has been constructed frondifierence between the modulation transfer functions ef th
HRV and theD:6 m and0:8 m channels (weighted by the coef cients of a linear model; Beeeke and Roebeling, 2010).
This Iter is used to extract the high—frequency signal of tHRV channel.

It should be noted that retrievals based upon these radiavitidoe different than those based upon the original MODE C
radiances, or from an absolutely accurate representditibie ¢hypothetical) truly observed, high—resolution SRV$amples.
For one, it uses the linear model of Cros et al. (2006) and keaad Roebeling (2010) as a proxy for the HRV channel,
thereby excluding a potentially signi cant source of urteérty. Moreover, MODIS acquires these re ectances undésrent
viewing geometries (note that the true viewing angles aezlus the CPP retrieval, so within the limits of plane—paaall
radiative transfer, this effect is accounted for), and thectral characteristics of the MODIS and SEVIRI channeésraot
entirely comparable. However, the goal of this study is wvjate a consistent reference data set for a comparisonfefelift
retrieval data sets, which are derived from a single redtialgorithm core. The actual absolute values of the rezdestoud
products are not important here.

6.2 Resultsfor andre

Figure 7(a) shows a comparison ofat the native LRES resolution (replicated onto each sultpiaad the reference at
the HRES scale for the example cloud eld in scene 2, whicthmas as an RGB composite image in Figure 6(b). A total
of over13;000cloudy pixels (liquid phase) are located in this scene. @/for small reference< 20 there is a reasonable
agreement between the two data sets, there is increaségt scatind the 1:1 line (indicated by the gray, dashed lioelgiger
values of cloud optical thickness. For reference 40, a substantial underestimation of the LRESs-observed, which yields
a sizable contribution to the nRD 45:8%. Figures 7(b)—(c) show similar scatter plots oand” from both experiment 2
(Constant Re ectance Ratio Approgadnd 3 Adjusted LUT Approactvith LUT Slope Adjustmeptrespectively. It is obvious
that the results from these two downscaling techniquesargthe agreement to the reference retrievals signi carthe
explained varianceR?, which equals the square of Pearson's product-momentlatime coef cientR) between the data sets
is increased and the nRD is strongly reduced to valudsl@2%(experiment 2) and:589%(experiment 3).

A similar comparison between the referemge at the HRES scale arrd  at native LRES resolution, as well &s from
the same downscaling experiments, is presented in Figyds(¥). Here, the native—resolution results show a mudtebe
agreement with the reference retrievals and, comparecttoltiud optical thickness, the nR3 :505%is much lower. While

15



10

15

20

25

30

35

experiment 2 exhibits a good agreement between refereaod”, the comparison of retrievald to the reference results is
less favorable. Both the reduced explained variaiRte=(0:889versusR? = 0:929), as well as the increased scatter around
the 1:1 line (NRD= 6 :63099 indicate that the results from experiment 2 are less rigititan the ones performed at the native
LRES resolution. Thus, the elaborate downscaling proaedctually reduces the accuracy of the retrieval. In contrast, the
retrievedfe from experiment 3 improve upon the native—resolution tssulith slightly better values d®? = 0:953and nRD
=4:402%

Statistics of the comparison between the reference andenaRES, baseline, and experimental retrievals are predent
Figures 8(a)—(d) for example scenes 1-4, respectivelypéln@meters which are used to quantify the individual comspas
are the median of the relative difference (abbreviated p&i®) to indicate the average deviation from the referensgt® the
interquartile range (IQR; de ned as the relative differehetween thgs" and25" percentile of the deviation to the reference
retrievals) to indicate the spread between the differeta slets, the nRD as a second measure of the spread of dats, poiht
the explained variand®? between the different retrievals and the reference. Valitsa green and red background highlight
the respective experiment with the best and worst compafisothe speci ¢ parameter. Yellow backgrounds, meanwhile
indicate all other experiments in between the two extremsaltg& The rst noteworthy observation concerns the nagind
baseline retrievals of, which universally exhibit the largest median deviationsl apread to the reference results, as well
as the lowesR?. Still, the difference between native and baseline regudticates that the trigonometric interpolation to the
HRES grid has signi cantly improved the comparison. In gast, each retrieval df that accounts for small-scale re ectance
variability yields signi cant improvements, regardledsioe approach. This is especially obvious in the paraméhetschar-
acterize the spread in the deviations, i.e., IQR and nRD¢hvaie between 2—9 and 2—10 smaller for the various expetimen
and example scenes, respectively. Experiments 2 and 3 se&thieve the best agreement to the reference retrievals.

Regarding the effective droplet radius, the agreementdumtwithe native LRES and baseline retrievals, and the referen
results is signi cantly better. It is worth pointing out thaimilar to the optical thickness comparison, the retrieval based
on interpolating re ectances to the HRES grid performsdrethan the native-resolutiar retrieval for all scenes. The
most reliable downscaling approach seems to be experimevitiBh performs noticeably better than experiments 1 (tiote
increased nRD and reduc&¥ for scene 3) and 2 (increased spread and overall issuesedretterogeneous cloud eld in
scene 4). This indicates that the linear model in Eq.(6) sumptions about a constant ratio of VNIR and SWIR re ectance
are not adequate to estimate higher—resolutignat least not for certain cloud conditions. In the case ofeexpent 2 this
is understandable, because the technique was developedrf@ily cloudy pixels (Werner et al., 2018b). These obagons
are characterized by a low cloud optical thickness, whexedlationship between VNIR and SWIR re ectance can rejidia
considered to be linear (see example LUTs in Figure 4).

There is a notably better performance of experiment 3Attjested LUT Approactvith LUT Slope Adjustmentompared
to the standardlUT Approachhighlighted in Section 4.3. Of particular note is the retrieval based on the standard LUT
scheme, which compares signi cantly worse to the refereeselts R? of 0.890, 0.648, 0.751, and 0.581 for cloud scenes
1-4, respectively). This is somewhat surprising, becausespeci ed goal of the standatdJT Approachis to maintain the
accuracy of the baselirrg retrieval, which has not been fully reached. We believetthiatmight be caused by the sensitivity
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of the cloud property retrieval to small re ectance pertatibns, in particular for broken clouds. It is also an indima that
assuming constant subpixel values within each LRES pixel is not suf cient. We plan to @stigate this effect further

in future studies. However, the secoAdjusted LUT Approachwhich determines SWIR re ectance adjustments based on
adiabatic theory, performs even wor$?(of 0.846, 0.579, 0.741, ad 0.519 for cloud scenes 1-4, résplyg. This suggests
that the observed cloud elds do not follow adiabatic theangl the method is not adequate to estimate higher—resofyto

6.3 Results forW_ andN p

Retrievals of andr. (regardless of the resolution they are derived at) provigerheans to infer other commonly used
cloud variables. Th&V, , which describes the amount of liquid water in a remotelysedrcloud column, can be derived as the
product of retrieved cloud products (Brenguier et al., 200iler et al., 2016):

WL = L le : (17)

Here, | is the bulk density of liquid water. Assuming adiabatic deuwhere the vertical structure of effective droplet radiu
follows the adiabatic growth model, introduces an extradiaof 5=6 and the coef cient2=3 changes tb=6 2=3=5=9.
Meanwhile Np describes the number of liquid cloud droplets in a cubiciosetier of cloudy air. Calculatiniyp from remote
sensing products requires a number of assumptions, eaut #ke vertical cloud structure and shape of the dropletlarm
size distribution, which are summarized and discussed an@uier et al. (2000); Schuller et al. (2005); Bennartz @200
Grosvenor et al. (2018). A simpli ed form of the resultinguedion forNp is:

ND 0:5 r 2:5; (18)

e

with =1:37 10 ° (see Quaas et al., 2006). Note, that Egs.(17)—(18) can i baseline and downscaled results (i.e.,
W, andNp, as well a3, andNp) when they are derived from the respective cloud opticakihésses and effective droplet
radii.

Similar to the comparison in Section 6.2, scatterplots efrisferencaV, , the native LRESW, and the results from the
downscaling experiments 2 and B/() are shown in Figures 9(a)—(c), respectively. As beforéa @gprovided by example
scene 2 sampled on 9 June 2013 at 10:55 UTC. Compared to tlve h&®ES results, a noticeable improvement in the
correlation and nRD is achieved by utilizing the two dowriscpexperiments. Not only are retrievafi, closer to the 1:1
line, but the signi cant underestimation of the LRBS- for larger reference results is mitigated. Especially fqreximent 3,
the spread is less than one third the value of the LRES—se@uB57%versusl5:234%). Regarding the comparison between
reference and natividp, as well asNlp, downscaling experiment 2 yields less favorable resulterd is a slight decrease
(increase) irR? (nRD). This is caused by the large IQR and nRD of the deviatiorihe retrieved, , shown in Figure 7(e),
which are ampli ed due to the associated power2d in Eq. (18). However, the derived values from experiment @ash
signi cantly better agreement with the refererdg .

Values of p50, IQR, nRD, an&? for theW, andNp comparison from the four example scenes are illustratedgorés
10(a)—(d). Due to the large deviations between the natiamd the reference retrievald/, for the LRES results almost
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universally show the largest deviations to the referendeeg and thus the largest IQR and nRD, as well as the lowest
explained variance. The exception is the heterogeneousl cid in the fourth example scene, where the large devietio
betweenf, from experiment 2 and the reference retrievals yield thestveomparison for the respectil, . The estimates
based on thédjusted Lookup Table Approacising the LUTLUT Slope Adjustmertt.e., experiment 3) almost universally
exhibits the best agreement to the reference resultg of

Overall, 27 of the 32 comparisons (four cloud scenes, twadhariables, and four statistical measures) exhibit tret be
performance for experiment 3. For the example scenes cmesidn this analysis, it is obvious that tiejusted Lookup
Table Approactwith LUT Slope Adjustmerns preferable to the other downscaling techniques and yigldre reliable high—
resolution cloud variables than the standard LRES results.

As before, we also tested the standatdil Approachhighlighted in Section 4.3, as well as the sec@wmjusted LUT Ap-
proach which determines SWIR re ectance adjustments based aabatit theory. Due to the poor performance of the
retrieval, thelp results based on adiabatic assumptions show a similarlyamyeement to the reference results. Meanwhile,
the cloud variables based on the standdgd Approachnever show the best or worst performance, but are almosérsgaily
worse than thé\djusted Lookup Table Approagtith LUT Slope Adjustmenthis again illustrates that assumptions of adi-
abatic clouds and constant subpixgl values within each LRES pixel are not suitable for the clocehges analyzed in this
study.

7 Full downscaling versus VNIR only

Apart from theConstant Re ectance Ratio Approgdie downscaling of o for each of the techniques presented in Sec-
tion 4 uses the well established relationship betwegnros, and the averageldy i (see Figure 3 and the discussion in
Deneke and Roebeling, 2010). In contrast, downscalimggis based on different assumptions about the microphydiced-s
ture and cloud heterogeneity, which induces a level of uagdy in the subsequent cloud property retrievals. Towdsdther
assumptions aboutg actually improve the retrieval df andr, , this section presents retrievals that include the refuis
the Adjusted Lookup Table Approagtith LUT Slope Adjustmertt.e., experiment 3) forfys but do not include the respec-
tive downscaling schemes féis. Instead, the SWIR re ectance for each sample is providethky+s value derived from
trigonometric interpolation.

Figure 11(a) shows PDFs of the relative difference ) between~ from the baseline test (black), as well asetrieved
from the partial downscaling approach of oy (blue) and the full downscaling approach (red), and theresfee results
(i.e., distributions of the difference between the data,s&irmalized by the referencg Data is from example scene 2, shown
in Figure 6(b), sampled on 9 June 2013 at 10:55 UTC. The ladjisrences to the reference retrievals are observedcor t
baseline results, which only account for the large—scabxtance variability of the cloud scene. Here, relativefeliénces
cover the range of 20:44%< < 2822% (these values indicate th' and99" percentile of , respectively). The
distributions for the full downscaling experiment 3 is metbly thinner and these observed ranges are reduced cagily
to 2:33%< < 3:14% The differences for the VNIR—only approach look closer to the one from thé dalwnscaling
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experiment. However, the maximum of the distribution abun 0 is lower and thels* percentile is actually higher than
from the baseline retrievals. Clearly, the downscaling@hbv/NIR and SWIR re ectances is preferable for the retrienfa
A, For the effective droplet radius, the experiment compari®oks signi cantly different. Both relative differense rg
based on the baseline and full downscaling experimenttsesxhibit a similar behavior and the full downscaling aFuto
only yields small improvements on the retrievals from trigmetric interpolation. Converselyre from partial downscaling
yields a noticeably larger spread and the retrievals bedessereliable.

Regarding W, and Np, the results using the complete downscaling approach theldarrowest distributions, with sig-
ni cantly smaller minimum and maximum deviations (up to atfar of 5:6) compared to the VNIR—only technique. Compared
to the baseline results the reliability of derived liquidterapath is also improved, even though just the VNIR re ect&is
downscaled.

A summary of the performance of the partial and full downiseghpproach for experiments 1-3 for all four example cloud
scenes is given in Table 2. Here, th®, 50", and99" percentiles of the relative differences betweeandf. and the
reference retrievals are listed. An almost universal rédodn the biases is observed when both VNIR and SWIR re ects
are downscaled. These results provide strong evidencsithaltaneous downscaling of the SWIR re ectances is ealdot
providing reliable higher—resolution retrievals®éndra , as well as the subsequently calculaféd andN's . This con rms
the ndings in Werner et al. (2018b), who illustrated that BR\fe ectances differ signi cantly between the pixel-ldwand
subpixel scale and that reliable cloud property retriesalsuld avoid scale mismatches between the re ectances them
VNIR and SWIR channels.

This result is likely also relevant for retrieving cloud pesties at highest—possible resolution from other mudgetution
sensors such as MODIS, VIIRS and GOES-R: here, VNIR re extarare generally available at highest spatial resolution,
while SWIR re ectances have a 2—4 times lower sampling ngsmh. Based on the previous results, smooth interpolatidine

SWIR re ectances to the VNIR resolution cannot be recomneehthstead, downscaling approaches such as those prsente

in Section 4 should be adopted to avoid a scale—mismatcteiggatial variability captured by the VNIR and SWIR chanpels
or equivalently, a degraded accuracy of the—retrieval.

8 Conclusions

In this work, several candidate approaches to downscaldBIEEYiannel 1-3 re ectances are evaluated, which incretissgs
spatial resolution from the native horizontal resoluti@n (3 km? at the sub—satellite point) to the three times higher spatia
resolution of the narrowband HRV channel observations.gda is to identify a reliable downscaling approach to pdevihe
means to resolve higher—resolution, subpixel re ectamzkeaoud property variations, which are only resolved byeetances
from SEVIRI's coincident HRV channel. The higher-resautire ectances are subsequently used to retrieve cloudalpti
thickness {) and effective droplet radiugy{ ). These subsequently provide the means to derive estiroftks liquid water
path (¥, ) and droplet number concentratidfig ).
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Three different methods are presented and evaluated: {dtiatecal downscaling approach using globally deterrdirie
coef cients based on bivariate statistics, (ii) a local eggrh that assumes a constant heterogeneity index foreatiffecales
(i.e., theConstant Re ectance Ratio Approg¢land (iii) an iterative approach utilizing both globaltittics and the shape
of the SEVIRI LUT (which consists of simulated SEVIRI re ectces for different viewing geometries and combinations of
cloud properties), while assuming a constant subpixeli.e., theLUT Approach). For the latter technique, two modi cations
(by assuming adiabatic cloud conditions or by deriving lat@pes within the LUT) are introduced, which avoid the doaisit
of a xed r, . The different downscaling approaches are evaluated MDBIS observations of four example cloud elds
at a horizontal resolution of 1 1km? (i.e., comparable to SEVIRI's HRV channel), which are repeghonto the higher—
resolution SEVIRI grid, followed by smoothing with the mddation transfer functions of SEVIRI.This approach has thedt
of providing a reference data set to which the results froandifferent downscaling techniques can be objectively canag.

The retrievals based on native—resolution re ectancea &aale of 3km) are characterized by signi cant deviations from
the reference retrievals, especially forand W, . Here, random absolute deviations as large a4 and 899 m 2 are
observed, respectively (determined from ¥t or 99" percentiles of the absolute deviations between native aefedence
results for each cloud scene). Far andNp deviationsofupto 6 mand 177cm 2 exist, respectively.

Simply applying trigonometric interpolation of the re eatce to the higher—resolution grid of the HRV channel (itee,
baseline approach) provides a signi cantly improved agreet with the reference data set forandre (i.e., the actual
higher—resolution retrievals) compared to SEVIRI's nafewer—resolution results. This improvement can be aiteith to the
use of higher—resolution re ectances, which resolve thgdascale variability of the scene. It is shown that eittevmscaling
approach, which applies estimates of the unresolved ssatalle variability to the re ectance eld, yields reliabletrievals
of M at the horizontal resolution of the SEVIRI HRV channel. Téessults compare noticeably better with the reference
retrievals than the ones from the baseline approach. Theweg performance is illustrated by a lower median absdiige
and spread (factor of 2-10), as well as a higher observeeélation between the data sets. The reliabilityfef utilizing
the LUT Approachwith an adjustment based on the calculation of isoline §dpghe SEVIRI LUT is comparable to the
baseline results, and improves upon the retrievals at theenaRES resolution. The performance of the other dowrisgal
approaches depends on the observed cloud scene. For meredegteous cloud elds the performance of the statistical
downscaling approach and ti@onstant Re ectance Ratio Approadecreases noticeably. The former technique relies on
large—scale statistical relationships between the ramoes, which might vary with the size of the observed regicgvalence
of different cloud types and viewing geometry. The latterht@que, meanwhile, was developed for optically thin ckud
where the relationship between VNIR and SWIR re ectanceloaapproximated by a linear function (Werner et al., 2018b).
Conversely, for more homogeneous altocumulus eldsltbd Approachwith Adiabatic Adjustmenseems inadequate and
yields the worst comparison to the reference effectiveusdihe study by Miller et al. (2016), following similar sied,
illustrated that drizzle and cloud top entrainment yieldtieal cloud pro les closer to homogeneous assumptions amay
from the adiabatic cloud model. Similar processes miglecafthe retrieval for the presented cloud scenes in thig/stud

Due to the fact that these variables are derived from retd@andr. , a similar behavior is observed for the deriv®d and
Ko . Again, theAdjusted LUT Approacim combination with the use of local slopes exhibits the lagseement to the reference
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results for 27 out of the 32 comparisons (i.e., four exampdmss, two cloud variables, and four evaluation parametased

on these results, this method seems to be favorable comjuatieel other downscaling approaches. The results are plaéer

to those obtained from the standard—-resolution SEVIRIavasand re ectances and pave the way for future higher—teiswl
cloud products by the MSG-SEVIRI imager. Especiallyfamd\W, , these improvements are signi cant, as even the baseline
results show deviations from the reference data set of uptdand 70gm 2 for the observed example scenes.

Most of the presented downscaling techniques utilize a estiiblished relationship between the observed re ecthnoe
SEVIRI channels 1 and 2, as well as the one from the broadb&wdHannel. To test the validity of the different assumpsion
for the downscaling of the SWIR band re ectance, the religbbf VNIR—only downscaling approaches is compared to
the corresponding full downscaling procedure. For the frrthe higher—resolution SWIR observations are providethb
baseline technique. An almost universally improved rélitgtof the retrieved cloud products is observed when boliR and
SWIR re ectances are downscaled. This illustrates thagriter to achieve reliable higher—resolution retrievalsglaannels
need to capture small-scale cloud heterogeneities atithe seale. These results con rm the ndings of Werner et 201@b),
who compared SWIR re ectances at different spatial scatelstemonstrated the need for effective downscaling ap pesto
match the spatial scale of the VNIR re ectance. This alsoiimdications for other multi-resolution sensors, such &3S,
VIIRS, and GOES-R ABI. To avoid a scale—mismatch of resolkeatability in the VNIR and SWIR channels, the higher—
resolution observations can either be degraded to matclowe—resolution samples (which yields overall loweretaton
cloud property retrievals), or downscaling techniquesagglied to one or both channel re ectances, which yieldscmag
scales and higher—resolution estimates of cloud propeltiés important to note that downscaling might result iorgased
retrieval uncertainties, if the spatial resolution is lvetbe radiative smoothing scale 00 400m, seeDavis et al, 1997).

Naturally, these results require more evaluation with gdadata set to validate the reliability of the approach udd&erent
observational geometries and cloud situations. If a sityigood agreement to a set of reference retrievals is foand broad
range of different test scenes, a signi cant step towarghéri—resolution SEVIRI cloud observations is achievedutfresults
are con rmed, such retrievals would represent a noticeiafyovement upon SEVIRI's current standard—resolutidrieeals.
Meanwhile, more elaborate downscaling schemes could palignmprove upon the methods presented here. As an ex@mpl
one possible improvement on tAeljusted Lookup Table Approaghth Adiabatic Adjustmenivould be an explicit t of the
relationship in Eq.(16) from the native, lower—resoluti@riables. This might also reveal valuable insights int thlidity
of the adiabatic assumption commonly adopted in remotdrsgdlerk et al., 2016). In addition, a comprehensive eviidua
of the bene ts of the higher-resolution SEVIRI cloud protiifor the subsequent estimation of solar surface irradiasic
planned. In particular, a comparison of satellite retriemsed on Greuell et al. (2013) with observations of a deatgork
of pyranometers following the approach of (Deneke et alQ@@nd (Madhavan et al., 2017) is planned, which will enable
detailed studies of the effects of spatial and temporaluéiso of satellite observations.

This work clearly demonstrated that tAdjusted LUT Approactith LUT Slope Adjustmemnields reliable higher—resolution
cloud products. A follow—up study by Deneke et al. (2019) wibvide a comprehensive description of the overall resie
scheme for obtaining cloud properties and solar radiativees from the Meteosat SEVIRI instrument at the spatiallteso
tion of its HRV channel, which will be established based am tidings of this study. That companion paper also includes a
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statistical comparisons between the operational MODIS @Ad SEVIRI results, as well as the new high—resolution $&VI
products. Moreover, some interesting use cases are demi@usn that study, which can bene tfrom an increase in thedial
resolution of the derived SEVIRI cloud parameters. The canign paper also presents an important extension of thivapp
to the retrieval of solar surface irradiance, based on therses presented in Deneke et al. (2008) and Greuell et dl3)20
Satellite products with high temporal and spatial resolutire of particular interest for forecasting the productd solar

power.
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Figure 1. Map of the European SEVIRI domain, as de ned in Deneke andcBlireg (2010). The red borders indicate the Germany domain,

which is the focus of this study.
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Figure 2. (a) Fit coef cientsa, which are used to derive higher-resolution SEVIRI re ectas by means of statistical downscaling, as a
function of Julian day. Coef cients are derived hourly amdli6—day intervals for the Germany domain between 1 April2hduly 2013.
Colors illustrate different UTC times. (b) Same as (a) buttfaoef cients b. (c) Same as (a) but for t coef cients.
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Figure 3. (a) Joint PDF of smoothed SEVIRI HRV re ectancésiy i) and those obtained from a linear model of observed SEVIRhokl
1 (ros) and channel 2 re ectancese), speci callya ros + b rog (see Section 4.1). Data is from all 5-minute SEVIRI obséovet of the
Germany domain during June 2013. Only cloudy pixels areidensd. The number of samples)(@nd correlation coef cientR) are given.
(b) Same as (a) but for a linear model for SEVIRI SWIR re ect@s, speci callyc ris.
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Figure 4. (a) Example SEVIRI lookup table for liquid—phase cloudlysirating theLookup Table Approackintroduced in Section 4.3)
for an observation highlighted by the re ectance pair irdéd by point "A". For two different high—frequency varats of the channel
1 re ectance (r os:1 and r gs:2) the derived high—frequency variations of the channel Zctance § 16:1 and r 16:2) is shown. See text
for more description. (b) Same as (a) but illustrating Atgusted Lookup Table Approa¢mtroduced in Section 4.4) with th&diabatic

Adjustmentor a single r o5 example. (c) Same as (b) but with th&T Slope Adjustment
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Figure 5. (a) RGB composite image of SEVIRI channel 3, 2, and 1 re ectarat the instrument's native horizontal resolutio of3km?.
Data is froma 100 100km? subregion within the Germany domain on 9 June 2013 at 10:55.d) Similar to (a), but illustrating a
map of the cloud optical thickness)( White colors indicate pixel with either a failed cloud pesty retrieval, a non—liquid cloud phase,
or non—cloud designation by the cloud masking algorithinS@me as (b) but for the effective droplet radius §. (d)—(f) Same as (a)-(c)
but at a horizontal resolution df 1km?. The re ectances and retrievals have been derived fronf\tijasted Lookup Table Approaelts

described in Section 4.4, using th&JT Slope Adjustment

31



a) Scene 1: 20130601T1005Z b) Scene 2: 20130609T1055Z

¢) Scene 3: 20130605T1120Z d) Scene 4: 20130606T1025Z

Figure 6. (a) RGB composite image of remapped MODIS channel 6, 2, amdettances at the horizontal resolution of SEVIRI's HRV
channel at a horizontal scale bf 1km? at the sub—satellite point. Data is from example scene 1 lsahgm 1 June 2013 at 10:05 UTC.
(b)-(d) Same as (a) but for example scenes 2 to 4, sampled&mAd 5 June 2013 at 10:55, 11:20, and 10:25 UTC, respectivel
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Figure 7. (a) Retrieved cloud optical thickness)(at SEVIRI's native LRES resolution as a function of the refece results ( derived
from the remapped MODIS re ectances at the HRES—scale a@fkm). Data is from example scene 2, sampled on 9 June 2013 %8 10:
UTC. The gray, dashed line represents the 1:1 line. The nuoftEamples ), explained varianceR?) and normalized root-mean-square
deviation (nRD; de ned as the RD between the two data setsnalized by the average referencgare given. (b)—(c) Same as (a) but
for the comparison betweenand the downscaling results)(from experiments 2Gonstant Re ectance Ratio Approgcind 3 Adjusted
Lookup Table Approachwith LUT Slope Adjustmeptrespectively. (d)—(f) Same as (a)—(c) but for the effextiroplet radiusre andfe ).
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Figure 8. (a) Comparison of retrieved cloud optical thicknesstottom panels) and effective droplet radius (, top panels) from the native
LRES resolution (at a scale of 3km) and baseline retrievals (i.e., only accounting for loselution re ectance variability), as well as
the downscaling experiments 1 (statistical downscaling@gch), 2 Constant Re ectance Ratio Approg¢land 3 Adjusted Lookup Table
Approachwith LUT Slope Adjustmeptand the reference retrieval results. Parameters to ifydné comparisons are the median of the
relative difference to the reference (p50), relative iqtertile range (IQR75" -25" percentile of the relative difference to the reference),
normalized root-mean-square deviation (nRD; de ned asRBebetween the two data sets, normalized by the averageeneferetrieval),
and the explained variancB?). Green colors indicate the experiment that compares béisetreference results, i.e., high&st and lowest
p50, IQR, and nRD. Red colors indicate the experiment wighitbrst agreement to the reference retrievals, while yetiolors indicate all
experiments in between. Data is from example scene 1 saroplédlune 2013 sampled at 10:05 UTC. (b)—(d) Same as (a) bexdonple
scene 2 to 4, respectively.
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Figure 9. (a) Retrieved liquid water pathA(.) at SEVIRI's native LRES resolution as a function of the refee resultsW, derived
from the remapped MODIS re ectances at the HRES—scale @fkm). Data is from example scene 2, sampled on 9 June 2013 %8 10:
UTC. The gray, dashed line represents the 1:1 line. The nuoftEamples ), explained varianceR?) and normalized root-mean-square
deviation (nRD; de ned as the RD between the two data setsnalized by the average referendg ) are given. (b)—(c) Same as (a) but
for the comparison between refereride and the downscaling resultél( ) from experiments 2Gonstant Re ectance Ratio Approgch
and 3 Adjusted Lookup Table Approactith LUT Slope Adjustmept respectively. (d)—(f) Same as (a)—(c) but for the droplemnber

concentrationp andNp ).
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Figure 10. (a) Comparison of derived liquid water pat(, bottom panels) and droplet number concentratidg ,(top panels) from
the native LRES resolution (at a scale of3km) and baseline retrievals, as well as the downscalingrérpats 1 (statistical downscaling
approach), 2Constant Re ectance Ratio Approgchand 3 Adjusted Lookup Table Approawlith LUT Slope Adjustmeptand the respective
reference results. Parameters to quantify the comparaetfie median of the relative difference to the refereng8)(pelative interquartile
range (IQR;75" -25" percentile of the relative difference to the referencejnmalized root-mean-square deviation (NRD; de ned as the
RD between the two data sets, normalized by the averageneferetrieval), and the explained varianB&), Green colors indicate the
experiment that compares best to the reference resulishighestR? and lowest p50, IQR, and nRD. Red colors indicate the exparim
with the worst agreement to the reference retrievals, wlélew colors indicate all experiments in between. Datadsf example scene 1
sampled on 1 June 2013 sampled at 10:05 UTC. (b)—(d) Samg last far example scenes 2 to 4, respectively.
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Figure 11. (a) PDFs of the relative differences () between the retrieved cloud optical thicknessfom the baseline test (black), as well
as a VNIR-only and full downscaling approach for experin&fghown in blue and red color, respectively), and the refexeesults (i.e.,
the original 1 km—retrievals). Data is from example scenar@@ed on 9 June 2013 at 10:55 UTC, which is shown in Figurg &ie 1%,
50", and99" percentiles of  for each experiment are given. (b) Same as (a) but fiar , which is the relative difference for the retrieved
effective droplet radiug¢ ). (c) Same as (a) but for W, which is the relative difference for the derived liquid eapath (V. ). (d) Same

as (a) but for Np, which is the relative difference for the derived dropletmier concentrationNp ).
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Table 1. Description for the different retrieval experiments, whare characterized by different assumptions for the doalimgrof SEVIRI

re ectances from the native horizontal resolution o8 km to the MODIS-like 1km scale.

Experiment Description
Reference ros andrie from the native 1 1km? MODIS scale, remapped onto SEVIRI's HRES grid
Native 3km ros andris from the native 1 1km? MODIS scale, remapped onto SEVIRI's LRES grid
Baseline Fos andre from triangular interpolation, thus only accounting fowlefrequency variabilities
1 fos andfiye from the statistical downscaling approach as describe@ati& 4.1
2 fos andrie from theConstant Re ectance Ratio Approael described in Section 4.2
3 | foe andfye from theAdjusted Lookup Table Approagtith LUT Slope Adjustmerats described in Section 4.4
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Table 2. Comparison of the cloud property retrieval results from deealing experiments 1-3, which only account for the VNIR,pand
the full downscaling experiments, which include adjustteen both VNIR and SWIR re ectances. The comparison showsith 50",
and99" percentiles of the relative differences (for the cloud optical thickness) and r. (for the effective droplet radius. ), which
illustrate the deviation of the different retrieval apprhas from the reference results, normalized by the referegicievals. Data is from
the four example scenes shown in Figure 6.

le

Scene (%) (%)
1 1 2 2 3 3 1 1 2 2 3 3
VNIR Full VNIR Full VNIR full VNIR full VNIR full VNIR full
#1

1 -4.26 -2.61 -3.16 -1.97 -3.48 -1.77 -13.2 -556 -12.29 -5.08 -12.64 -5.21
50" 0.28 0.19 0.16 0.0 0.52 0.81 0.82 0.11 0.81 0.0 0.85 0.76
ogn 4.57 2.95 3.49 2.18 4.13 2.86 17.58 8.38 16.57 6.99 16.94 6.11

#2
1% | -26.88 -19.82 -24.3 -2.63  -25.15 -2.36 -47.95 -28.29 -46.02 -12.68 -46.58 -8.59
50" 0.45 0.29 0.2 0.12 0.42 0.73] 1.51 0.5 1.48 0.62 1.53 1.57
ogn 8.31 4.3 6.29 2.84 6.84 3.13| 53.17 18.12  48.39 20.88 49.18  13.39

#3

1% | -37.34 -31.79 -33.96 -24.76 -33.65 -20.27-66.56 -4593 -65.24 -253 -64.82 -23.41
50" 0.0 0.0 0.0 0.0 0.21 0.35] 0.71 0.33 0.46 0.0 0.5 0.5
ogn 38.04 31.24 3597 23.53 36.03 25.52126.95 61.12 116.84 34.17 118.59 42.76

#4

1% | -78.26 -76.37 -66.67 -61.98 -76.74 -69.13-53.23 -36.14 -50.26 -48.2 -51.68 -33.0
50" 2.4 1.08 0.65 7.52 2.29 2.17] -0.13 0.0 -0.13 0.3 -0.13 0.13
99" | 304.24 284.16 320.0 450.08 299.43 280.9391.15 43.01 136.45 103.77 179.74 37.54
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