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Abstract.4

In this paper, data from spaceborne radar, lidar and infrared radiometers5

on the A-Train of satellites are combined in a variational algorithm to re-6

trieve ice cloud properties. The method allows a seamless retrieval between7

regions where both radar and lidar are sensitive to the regions where one de-8

tect the cloud. We �rst implement a cloud phase identi�cation method, in-9

cluding identi�cation of supercooled water layers using the lidar signal and10

temperature to discriminate ice from liquid. We also include rigorous calcu-11

lation of errors. We estimate the impact of the microphysical assumptions12

on the algorithm when radiances are not assimilated by evaluating the im-13

pact of the change in the area-diameter and the density-diameter relation-14

ships in the retrieval of cloud properties. We show that changes to these as-15

sumptions a�ect more, the radar-only and lidar-only retrieval than the radar-16

lidar retrieval, although the lidar-only extinction retri eval is only weakly af-17

fected. We also show that making use of the molecular lidar signal beyond18

the cloud as a constraint on optical depth, when ice clouds are su�ciently19

thin to allow the lidar signal to penetrate them entirely, improves the retrieved20

extinction. When infrared radiances are available, they provide an extra con-21

straint and allow the extinction-to-backscatter ratio to vary linearly with height22

instead of being constant, which improves the vertical distribution of retrieved23

cloud properties.24
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1. Introduction

On 28 April 2006, two satellites, CloudSat (a 94GHz cloud pro�ling radar, Stephens et al.25

[2002]) and CALIPSO (Cloud Aerosol Lidar and Infrared Path�nder Satellite Observa-26

tions; Winker et al. [2003]) were launched. They joined Aqua, hosting MODIS (Moderate27

Resolution Imaging Spectroradiometer) and a large number of radiometers as part of the28

\A-Train". Instruments on board on these satellites can be used separately or together29

to derive the properties of clouds and aerosols. A number of single-instrument cloud30

products have been released, for example the CloudSat Radar-Only Cloud Water Content31

Product (2B-CWC-RO) contains retrieved estimates of cloudliquid and ice water content,32

e�ective radius, and related quantities for each radar pro�le. Regarding CALIPSO, NASA33

Langley Research Center Atmospheric Science Data Center provides ice clouds properties34

such as optical depth, visible extinction, ice water path and ice particle size. MODIS can35

be used to estimate e�ective radius and optical depth from visible or infrared channels,36

[King et al., 1998].37

Although each instrument individually can be used to retrieve ice cloud properties, each38

has weakness. For instance radar alone cannot accurately estimate particle size and is39

less sensitive to small particles. On the other hand, the lidar is more sensitive to optically40

thin clouds but su�ers from attenuation. Radiometers only sense integrated properties;41

moreover, infrared radiances are mainly sensitive to the cloud top.42

The subject of this paper is the retrieval of ice cloud properties exploiting radar, lidar43

and infrared radiometer synergy. If we combine these instruments we have access to the44

vertical distribution of detailed cloud properties since the radar and lidar backscatter45
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are proportional to very di�erent powers of particle size, so in principle the combination46

provides accurate particle size with height. Furthermore,infrared radiances ensure that47

the retrieved pro�les can be used for radiative transfer studies: use of a single infrared48

channel provides information on extinction near cloud top and a pair of infrared channels49

gives particle size information near cloud top [Chiriaco et al., 2004].50

Delano•e and Hogan[2008a] (hereafter DH08) proposed a variational method to use the51

synergy of radar, lidar and infrared radiometer to retrievethe ice cloud water content, vis-52

ible extinction coe�cient and e�ective radius, from the ground. This algorithm overcame53

some of the limitations of previous radar-lidar ice retrieval schemes (Wang and Sassen54

[2002],Donovan et al.[2001],Okamoto et al.[2003],Mitrescu et al. [2005] andTinel et al.55

[2005]), which only work in regions of cloud detected by bothradar and lidar, and are56

di�cult or impossible to adapt to use other measurements, e.g. passive radiances. The57

DH08 algorithm retrieves cloud properties seamlessly between regions of the cloud de-58

tected by both radar and lidar, and regions detected by just one of these two instruments.59

For instance, when the lidar signal is unavailable (such as due to strong attenuation), the60

variational framework ensures that the retrieval tends toward an empirical relationship61

using radar re
ectivity factor and temperature (e.g. Liu and Illingworth [2000];Hogan62

et al. [2006b];Protat et al. [2007]), and when the radar signal is unavailable (such as in63

optically thin cirrus), accurate retrievals are still possible from the combination of lidar64

and infrared radiometer. In this paper we demonstrate the application of this algorithm65

to the A-Train.66

The structure of the paper is as follows. In section 2, the preprocessing of the radar,67

lidar and radiometer dataset is described, including a brief presentation of the method68
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used to discriminate cloud phase from the lidar. We outline the DH08 algorithm and some69

improvements to it in section 3. In a variational scheme, thespeci�cation of measurement70

and forward model error plays a key role and is described in section 4. Some examples of71

application of the variational method on A-Train data are shown in section 5.72

2. Radar, lidar and radiometer dataset and preprocessing

In this section we describe the dataset used and its preprocessing. The �rst step is73

to merge radar and lidar measurements on to the same grid, followed by classi�cation of74

the nature of the targets into liquid droplets, ice particles, aerosol, insects, melting ice75

and rain. The nature of data used is described in section 2.1 and the way the target76

classi�cation is carried out in section 2.2. This work leadsto an intermediate product,77

similar in role to what was done from the ground in Cloudnet [Illingworth et al., 2007],78

which facilitates the implementation of subsequent synergetic algorithms.79

2.1. Radar, lidar and radiometer dataset

The �rst step is to merge all the data available, to ensure that the radar and lidar80

are coordinated such that they are observing the same columnof the atmosphere, and81

to ensure that the nearest infrared radiometer pixel to eachradar and lidar footprint is82

selected. This work is achieved using the o�cial CloudSat and CALIPSO products. The83

94 GHz radar re
ectivity, Z , is obtained from the CloudSat \2B-GEOPROF" product (in-84

cluding correction for gaseous attenuation, which is available in the same dataset) and the85

lidar backscatter coe�cient at 523 nm, � , from the CALIPSO Lidar Level 1B pro�le data86

[Anselmo et al., 2006]. The \MODIS-AUX" product (in the CloudSat archive) provides87

three infrared channels at 8.55� m, 11.0 � m and 12.0� m from MODIS, subset to each88
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CloudSat ray. The MODIS-AUX radiances and uncertainties are obtained from a subset89

of the original MODIS level 1B radiance product, consistingof a 3x5 grid of MODIS pixels90

for each CloudSat pro�le. In order to get an unique value for each CloudSat pro�le, a91

simple mean is taken of radiance and uncertainty values in the 3x5 grid. We could also92

use infrared radiances provided by the Infrared Imaging Radiometer (IIR) at 8.65 � m,93

10.6 � m and 12.05� m on-board CALIPSO. We assume that all instruments have been94

accurately calibrated and that the nature of the random errors in the measurements is95

known. The thermodynamic variables needed (temperature, pressure, speci�c humidity,96

ozone, skin temperature and surface pressure) are given by the \ECMWF-AUX" dataset,97

another product of the CloudSat Data Center that contains ECMWF (European Cen-98

tre for Medium-Range Weather Forecasts) variables interpolated to each CloudSat cloud99

pro�ling radar bin.100

Unfortunately, CloudSat and CALIPSO products are not on thesame vertical and101

horizontal grid. We colocate the lidar and IIR products with the radar beam using102

the geolocation data from the \2B-GEOPROF" product as the reference dataset; we103

calculate the separation between each footprint and if the distance is greater than 1 km104

the colocated pro�le is not used. A 60 m vertical grid is also used to regrid both radar105

and lidar products; radar measurements and ECMWF variablesare interpolated and lidar106

measurements averaged horizontally in the CloudSat footprint (typically 3 lidar beams are107

averaged). The result is lidar, radar, MODIS, IIR and ECMWF interpolated or averaged108

to the same time grid.109

2.2. Target categorization and cloud phase

D R A F T April 28, 2009, 10:25am D R A F T



DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS X - 7

An important issue, once the data are merged and colocated, is to determine the nature110

of the targets in each observed pixel. The variational algorithm is currently restricted to111

retrieve ice cloud properties (liquid water properties will be included in the future). The112

retrieved visible extinction for ice particles (see section 3) can be contaminated by the113

presence of supercooled droplets, their concentration andoptical properties being very114

di�erent from ice. Therefore, lidar measurements in and below supercooled layers must115

be excluded due to lidar's sensitivity to very small liquid droplets. However, the radar116

can still be used as its return is dominated by ice particles and hence in such situations117

the retrieval will tend toward a radar-only retrieval. The cloud phase information is118

also crucial for the radiance calculation (see section 5.4). The presence of liquid layers,119

optically thick in the infrared spectrum, can lead to a signi�cant reduction in the top-120

of-atmosphere infrared radiance compared to when only ice is present. Thus, simulated121

infrared radiances will be overestimated if we do not take account of the liquid part of the122

pro�le, and this e�ect will increase with optically thin ice clouds. When pro�les contain123

liquid at any height we do not assimilate the infrared radiance. So we need to identify124

clearly the location of clouds and their phase.125

In order to facilitate the application of retrieval algorithms, both the CloudSat Data126

Center and the CALIPSO NASA Langley Center provide level-2 products providing some127

information on the nature of the targets, which we use as starting point for our target128

categorization. A radar mask is available from 2B-GEOPROF [Mace, 2004] that contains129

a value between 0 and 40 for each range bin, with values greater than 5 indicating the130

location of likely hydrometers. We interpolate this mask vertically to the new grid. The131

\Lidar Level 2 Vertical Feature Mask" [Anselmo et al., 2006] for each lidar pixel identi�es132
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�ve categories: clear air, cloud, aerosols, surface and no signal (totally attenuated). It is133

converted to the new horizontal grid by taking the closest value of the original grid.134

For the cloud identi�ed by radar or lidar (when radar cloud mask greater than 30 and/or135

when lidar mask indicates cloud), we still have to distinguish the phase of hydrometers.136

To do that we follow the methodology implemented byHogan and O'Connor[2004] in the137

Cloudnet project [Illingworth et al., 2007]. Hogan et al.[2004] used a similar method to138

estimate the global distribution of supercooled liquid water clouds using the spaceborne139

lidar \LITE". First we de�ne the \cold" pixels within the pro �le. This cold pixel is140

de�ned to be where the wet-bulb temperatureTw is less than 0� C. Tw is calculated from141

the model temperature, pressure and humidity, and is where ice particles falling through142

sub-saturated air will melt. We initially assume that all cloud pixels assigned to \cold"143

will be ice and the rest liquid water. As described byHogan and O'Connor [2004], we144

cope with inversions in the vicinity of the melting layer by considering all pixels above the145

highest 0� C isotherm in the pro�le to be \cold", i.e. it is assumed that falling melted ice146

is unlikely to refreeze. The next step is to locate any supercooled liquid in the region of147

Tw< 0� C and T> � 40� C in the pro�le. In principle this could be achieved using thelidar148

depolarization ratio [Sassen, 1991]. Unfortunately, even though depolarization ratio is149

available from CALIPSO in contiguous layers, the signal is too noisy to allow a con�dent150

identi�cation of supercooled droplets at each radar-lidarpixel. So we prefer to use the151

lidar backscatter signal, since to lidar the top of liquid clouds appears as a strong echo152

that is typically con�ned over only a few hundred meters [Hogan et al., 2003b, 2004].153

We exploit this behaviour to distinguish supercooled waterwithin the pro�le. Fig. 1a154

and 1b show a latitude-height representation of a cloud sampled by both the CloudSat155
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radar and CALIPSO lidar over the Atlantic ocean (from Iceland toward the Azores),156

respectively. The overplotted isotherms from ECMWF in Fig.1c show that almost all the157

cloud was colder than� 10� C, implying that this cloud is mainly composed of ice particles.158

However, red boxes exhibit probable supercooled layers, where a strong lidar echo is159

observed while the radar echo is weak. These microphysical characteristics lead to di�erent160

instrument signals. At the lidar wavelength of 532 nm, cloudparticles scatter in the161

geometric optics regime, where the backscattered intensity is approximatively proportional162

to the square of particle diameter (D), and consequently dominated by liquid droplets due163

to their large number concentration. On the other hand, radar re
ectivity factor is, in the164

Rayleigh regime approximation, proportional to much higher moment, and so dominated165

by ice particles due to their large diameter. A single supercooled water identi�cation166

method has been originally proposed for spaceborne lidar byHogan et al. [2004] and167

will be described brie
y and step by step. This method identi�es supercooled layers in168

close agreement with those identi�ed subjectively from examination of the backscatter169

images, but independent veri�cation is still required using other sources of cloud phase170

information.171

Each lidar ray is examined in turn, and we search for one or more liquid layer. In order172

to identify the �rst liquid layer, we �rst �nd the highest pix el where simultaneously:173

1. Attenuated backscatter�> 2 � 10� 5 m� 1sr� 1.174

2. The � value within 240 m below this peak value is a factor ten lower.175

3. Tw< 0� C and T> � 40� C; we consider that supercooled liquid water cannot persist176

outside this range.177
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These criteria are subjectively de�ned from examination ofthe CALIPSO backscatter178

images. Once this \pivot" pixel is identi�ed, we estimate the vertical extent of the su-179

percooled layer by de�ning � � top as is the maximum gate-to-gate increase in� in the180

180 m above the pivot, and �� base as is the maximum gate-to-gate decrease in� in the181

300 m below the pivot. The supercooled layer upper limit is de�ned as the highest pixel182

within the 180 m above the pivot where the di�erence in� between it and the pixel below183

exceeds �� top/4. The supercooled layer base is identi�ed where the lowestpixel within184

the 300 m below the pivot where the decrease of� from the pixel above exceeds �� base/4185

or when the lidar return falls to 0 m� 1 sr� 1 within the 300 m below the pivot. All pixels186

within these limits are classi�ed as containing supercooled water. Then, we search the ray187

below the layer to see if any more pixels satisfy the three criteria above. When the lidar188

is totally extinguished (or attenuated such that no liquid could be detected) the pixel is189


agged as being impossible to determine whether or not liquid is present (even though ice190

still may or may not be identi�ed by the radar.191

Fig. 1 shows the result of the supercooled detection algorithm on A-Train data and the192

cloud phase identi�cation and categorization. Here the strong lidar echo is predominantly193

due to the supercooled liquid droplets and the radar signal is coming from larger ice194

particles. Note that the layers containing supercooled droplets only can be identi�ed195

where the radar does not see any cloud (indicated in light green).196

3. Variational method combining radar, lidar and radiomete rs

In this section we describe brie
y the method used to retrieve ice properties combining197

CALIPSO attenuated lidar backscatter, CloudSat radar re
ectivity factor and infrared198

radiances from IIR or MODIS. This scheme was originally proposed by DH08 and readers199
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needing more detail can refer to this paper where the methodology is fully described. Here,200

the description is restricted to the essential parts and also the changes in the algorithm201

due to the application to A-Train data.202

3.1. Formulation of the state vector and observation vector

The algorithm used here is restricted to the ice clouds. Lidar and radiometer are

not used where ice clouds are obscured by liquid drops. Keeping that in mind, in this

variational scheme we must decide what variables to use to describe ice cloud properties.

Following DH08 these variables will be retrieved and are represented as thestate vector,

x:

x =

0

B
B
B
B
B
B
B
B
B
B
B
B
B
B
@

ln � v;1
...

ln � v;n

aln S

bln S

ln Nb;1
...

ln Nb;m

1

C
C
C
C
C
C
C
C
C
C
C
C
C
C
A

: (1)

The visible extinction coe�cient, � v, in the geometric optics limit, is directly linked

to the lidar measurements and the optical depth of the cloud,and in (1) is represented

by a value at each of the gates that ice is detected. DH08 included in the state vector

the extinction-to-backscatter ratio, S, which was assumed constant with height. However

this strong constraint can be relaxed when the number of independent measurements

allows it, for instance when an independent estimate of� v is available (e.g. from a Raman

or high spectral resolution lidar), providing informationon the height dependence ofS.

Unfortunately, CALIPSO does not have such channels, but when infrared radiances are

available we have enough independent information to allowS to vary with height in the
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retrieval. In that case, ln(S) is expressed as a linear function of height:

ln(S) = aln S(z � zmid ) + bln S; (2)

wherez is the altitude and zmid the height of the middle of the cloud. Coe�cients, aln S203

and bln S are, respectively, the slope and the value of ln(S) at the middle of the cloud204

sampled by the lidar, and they can be used to representln(S) in the state vector instead205

of ln(S). When no radiances are assimilated (e.g. when liquid in thepro�le prevents the206

radiance from being forward-modelled using ice propertiesabove), aln S is removed from207

the state vector to revert to the original assumption of DH08.208

Following DH08, we represent size information byNb, which is a basis-function rep-209

resentation of the ratio of \normalized number concentration parameter", described by210

Delano•e et al. [2005], to� 0:67
v . This variable has a good temperature-dependent a priori.211

This choice of variable leads to an e�cient algorithm due to the reduced size of the state212

vector, and simple 1D-lookup tables in the forward model.213

The observation vector,y contains the measurementsZ (the CloudSat radar re
ectiv-214

ity factor), � (the CALIPSO apparent lidar backscatter), I � (the infrared radiance at215

wavelength � ) and � I (the di�erence between two infrared radiances) from MODIS or216

IIR.217

Valid lidar and radar measurements (detected as ice) are notnecessarily both available218

at each ice pixel due to the radar's insensitivity thin cloudand the lidar's inability to219

penetrate thick cloud. Moreover, in the case of the lidar signal it is advantageous to include220

in y any gates beyond the far end of the cloud where molecular echoes are detectable.221

This enables any molecular return measured here to be used automatically as a constraint222

on optical depth [Cadet et al., 2005], explored further in section 5.2. Nevertheless, this223
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requires a con�dent identi�cation of molecular signals, asmisclassi�cation of cloud or224

noise as molecular can lead to large errors in retrieved optical depth. If radar or lidar225

measurements are missing at any ice pixel they are simply excluded from y. Since the226

lidar signal is strongly attenuated by liquid water, when supercooled layer is detected, the227

lidar signal in and below the liquid is not used even if it is identi�ed as also containing228

ice. In such regions, we assume that radar echo is dominated by the ice, and that liquid229

attenuation of radar in supercooled clouds can be neglected[Hogan et al., 2003a], and230

hence in such a situation, the retrieval reverts back to one using re
ectivity only. Since231

liquid clouds are not included in the forward models, it is not possible to simulate the232

infrared radiances accurately when there is any liquid water within the pro�le. Thus, we233

do not assimilate the infrared radiances when there is any liquid detected. The radiances234

are only introduced into the retrieval after the radar-lidar part of the algorithm has been235

run to convergence.236

3.2. Formulation of the optimal estimation and forward mode l

The aim is to �nd the state vector that minimizes the di�erence between the observa-237

tions and the forward model in a least-squares sense. This isachieved by minimizing a cost238

function using Gauss-Newton iteration, as described fullyby DH08. A key input is obser-239

vational error covariance matrix (R), which includes both instrument and forward-model240

errors as discussed in section 4.241

The forward model used in the scheme is described by DH08, andproduces an estimate242

of the observationsy from the state vectorx. The forward model assumes amicrophysical243

model, describing the shape of the particle size distribution (Delano•e et al. [2005]) and244

the relationships between particle mass, cross-sectionalarea and size. The ice particle245
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mass is assumed to follow theBrown and Francis [1995] mass-size relationship derived246

from aircraft data in mid-latitude ice clouds. The corresponding area-size relationship is247

taken from Francis et al. [1998], who used the same aircraft dataset asBrown and Francis248

[1995]. We estimate the error due to the mass-size relationship in section 5.3 by comparing249

retrievals using di�erent mass-area-size relationships for the same ice cloud.250

A large amount of ancillary information is required for eachcomponent of the forward251

model. This includes the thermodynamic state of the atmosphere (in particular, pro�les252

of temperature, pressure, humidity and ozone concentration), the properties of the surface253

(skin temperature and emissivity at the radiometer wavelengths), as well as the proper-254

ties of the instruments themselves (in particular the lidar�eld-of-view to calculate the255

contribution from multiple scattering). Such information can be obtained with adequate256

accuracy from the standard ECMWF analysis and forecast products that are archived257

within the CloudSat database introduced in section 2.1.258

4. Errors assigned in the variational scheme

As stated in section 3.2, when a variational approach is usedwe need to estimateR,259

the error covariance matrix of the observations, and retrieved properties can be very260

dependent on the values used. For the retrieval error to be realistic it is important that R261

includes the errors in the forward model. Consequently, it may be given byR = O + M262

[Cooper et al., 2006], whereO is the error covariance solely due to instrumental error263

and M is the forward model error. We assumeR to be a diagonal matrix, where the264

diagonal elements are simply the sum of error variances of each of the elements ofy and265

forward model errors. It is reasonable to assume that errorsin the measurements are266

uncorrelated, but forward model errors can be slightly correlated, due, for example, to267
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errors in the ancillary data a�ecting several forward-modelled values in the same sense.268

However in this work we will assume that all these errors are uncorrelated. This section269

describes which are these errors and how we compute them; this work is relevant to any270

variational scheme that uses radar, lidar or infrared radiometers from the A-Train.271

4.1. Radar

4.1.1. Radar forward-model error272

As shown by DH08, the forward model error inZ is a combination of the representation273

of the size distribution and mass-size variability, which leads to a random error inZ due274

to microphysical assumptions of around �Zmicro =1 dB. This is used to form the diagonal275

elements ofM corresponding to the radar measurements.276

4.1.2. CloudSat instrumental error277

We distinguish two categories of error in the radar measurement, systematic error and278

random error. Systematic error is typically a bias due a calibration error, but we will279

assume that CloudSat radar is well calibrated. During the CALIPSO-CloudSat Vali-280

dation Experiment1 a 2 dB calibration error was found which we will assume has been281

corrected. The variational formalism is not well suited to calibration errors due to their282

high correlation.283

Random measurement error is due to a combination of a �nite number of samples and

the background instrument noise and can be computed following Hogan et al.[2005] via:

� ZdB =
4:343
p

M

�

1 +
1

SNR

�

; (3)

where � ZdB is the one-standard-deviation random error in dB, andM and SNR are

respectively the number of pulses averaged and the linear signal-to-noise ratio of CloudSat.
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It is valid to assume that, due to the motion of the satellite,each pulse is independent.

M is reported for each ray but SNR is not, so we have to compute itusing the level 1 echo

power (containing noise) and the level 2 re
ectivity (with noise subtracted). We estimate

that the background noise (in dBZ) is given by the following relationship:

NdBZ = � 131:4 + 20 log10(r ); (4)

wherer is the distance in meters of each radar gate from the satellite. The linear signal-

to-noise ratio can be easily obtained:

SNR = 100:1(ZdBZ � NdBZ ) : (5)

As mentioned in section 2.1, radar and lidar measurements are at the same vertical grid.284

Radar re
ectivity factor is now vertically interpolated to 60 m, so random error must be285

interpolated too.286

4.2. Lidar

4.2.1. Lidar forward model error287

When infrared radiances are not assimilated, the error in the lidar forward model is288

dominated by the fact that the lidar ratio S is assumed constant with height (exempli�ed289

by the fact that we retrieve just a single value for the whole pro�le). In reality this may290

vary with height in which case the results ofHogan et al.[2006a] indicate that a radar-291

lidar algorithm will retrieve approximately a mean value for the pro�le with the local292

error in extinction proportional to the local error in lidar ratio. However, the contribution293

of this error will be reduced when infrared radiances are assimilated because the extra294

information enables us to relax the assumption of constant lidar ratio. The lidar forward295
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model is also susceptible to errors in our ability to represent multiple scattering, but these296

are believed to be smaller than those due to variations inS.297

In this section we estimate the impact of making the assumption of S constant, �rst298

in the simulated backscatter and then in the extinction retrieval. To do so, we used299

simulated pro�les of lidar backscatter and a visible extinction derived from in situ data300

from the aircraft size spectra obtained during the EuropeanCloud Radiation Experiment301

(EUCREX), in the same way as done byHogan et al.[2006a]. Apparent lidar backscatter302

pro�les have been computed by combining the visible extinction pro�le with di�erent303

extinction-to-backscatter ratio pro�les, including the e�ects of multiple scattering and304

attenuation using the model ofHogan [2006]. The lidar characteristics of CALIOP are305

used: a wavelength of 532 nm, and the lidar full-angle beam divergence and �eld-of-view306

are set to 0.1 and 0.13 mrad respectively.307

A wide range of values ofS have been shown in the literature for ice clouds; according308

to Platt et al. [1987] andChen et al. [2002],S typically varies between 20 sr and 50 sr.309

However, there has been less study of howS varies with height, and we test the sensitivity310

of the retrieved to di�erent shapes of pro�le. The dashed lines in Fig. 2a show two di�erent311

pro�les of S, considered as \truth" in the simulations. Both vary with height as expected312

in real ice clouds. Pro�le 1 varies over around a factor of 2 similar to the range found by313

Ansmann et al. [1992], from 60 sr at the cloud top to 30 sr at cloud base. Pro�le 2 aims314

to represent an extreme case ofS variation, corresponding to specular re
ection [Thomas315

et al., 1990] (we will come back later to this e�ect) below 7 km;S is set to 50 sr above316

this height and 5 sr below.317
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Two apparent backscatter pro�les are computed, combining the extinction pro�le (Fig.318

2b, dashed black line) and the two extinction-to-backscatter ratio pro�les described above,319

using the multiple scattering model ofHogan[2006]. Note that these apparent attenuated320

backscatter pro�les are simulated without instrument noise in order to avoid contamina-321

tion of the comparison between varyingS and constant S. The fractional error of using322

a constant S to simulate these two apparent backscatter pro�les is 0.48 and 1.15 (in a323

root-mean-squared di�erence sense) for pro�les 1 and 2 respectively. Therefore, we as-324

sume that the error in forward modelling natural logarithm of the attenuated backscatter325

is 0.5 (which corresponds to 50% in attenuated backscatter).326

These two pro�les, with varying S, are used to estimate the error in the retrieved327

extinction using the DH08 algorithm. The two extinction pro�les retrieved assuming328

S constant are displayed in 2b. For pro�le 1, the root-mean-squared di�erence in lnS329

between the retrieved constant pro�le and truth is 0.24, corresponding to a 24% error in330

retrieval S. The fractional root mean squared error in retrieved extinction is 46%.331

The black dashed line (pro�le 2) aims to represent an extremecase ofS variation,332

corresponding to specular re
ection above 7 km. Specular re
ection occurs when horizon-333

tally oriented ice crystals re
ect light as a mirror and strongly increase the lidar signal334

while keeping the visible extinction unchanged. This occurs particularly when the lidar335

is pointed directly at nadir. Once the DH08 algorithm is applied to pro�le 2, the root-336

mean-squared di�erence in lnS between the constant pro�le retrieved and truth is 0.94337

above 7 km and 1.36 below. Visible extinction is therefore underestimates of one order338

of magnitude. The fractional error in retrieved extinctionare 96%, 25% below 7 km and339

130% above.340
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To overcome this problem, the CALIPSO lidar pointing was moved forward from 0.3 to341

3.0 degrees forward from nadir at the end of November 2007.342

4.2.2. CALIPSO instrumental error343

As for CloudSat, there are two major types of instrumental lidar error: systematic error

(such as calibration error) and random error. We assume for our study that the lidar has

been calibrated using the molecular signal. In order to estimate the error due to the noise

in the measurement, we use the approach ofLiu et al. [2006]. Random errors in measured

backscatter (sr� 1m� 1) at 532 nm due to shot noise, according toLiu et al. [2006], can be

derived from:

� � =

8
<

:
NSF2� +

 
r 2

C

! 2 h
(� Vb)2 + (� Vb)2

i
9
=

;

1
2

(6)

where NSF is the Noise Scale Factor representing the e�ect ofthe photomultiplier tube

for 532 nm channels to increase to the noise above what would be expected purely from

Poisson statistics,r is the distance in meters of each lidar gate from the satellite and

C is the lidar calibration constant such that the signal poweris V = C�r � 2. All these

quantities are included in CALIPSO level 1B product. �Vb and � Vb are respectively

the standard deviation of the background signal-power, estimated by us usingN samples

above 30 km, and the standard error of the mean background signal, which is given by

� Vb = � Vb=
p

N: (7)

� � is �rst obtained for the highest 30 m vertical resolution of the lidar and when backscat-

ter values are averaged on to a lower resolution grid (e.g. 60m for this paper), low

resolution random errors are derived from:

� � n =
1
n

vu
u
t

nX

i =1

� � 2
30i ; (8)
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where � � 30i is the random error in measured backscatter at 30 m vertical resolution and344

n the number of gates averaged. When �� 30i is constant with height, the high resolution345

error is simply divided by the square-root of the number of gates averaged. The main346

e�ect of applying (6) is for much higher error in the day.347

4.3. Infrared radiance errors

4.3.1. Radiance forward-model errors348

In this section we show how errors in retrieved infrared radiances are estimated. The349

error in the forward-modelled radiance depends on cloud thickness, surface temperature350

and error in meteorological parameters such as the temperature pro�le. The infrared351

radiance forward model used here is detailed in DH08, where each individual radiance352

calculation employs the "two-stream source function technique". Comparisons with the353

16-stream DISORT code (Discrete Ordinates Radiative Transfer Program;Stamnes et al.354

[1988]) demonstrated that for zenith radiances our code is accurate to better than 1%355

(see DH08). However this study did not include uncertainties in the input parameters to356

the radiance code. In the literature, di�erent sources of uncertainties have been explored,357

including the error due to di�erent particle habit assumptions (1.5 K according toCooper358

et al. [2003]) and errors in humidity and ozone pro�les. Errors dueto other input param-359

eters; (skin temperature, surface emissivity and air temperature) must be also taken in360

account.361

Skin and air temperature errors have an e�ect on observed top-of-atmosphere radiances362

that is dependent on the optical depth of the intervening cloud, and consequently need363

to be considered carefully. This radiative model �rst uses atwo-stream calculation to364

estimate the upwelling and downwelling monochromatic 
uxes F � , which are then used365
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as the source function in a radiance calculation for the radiance measured by the MODIS366

or IIR infrared channels. Unfortunately, this model is too complicated to rigorously work367

out the radiance error associated with a particular temperature error. Therefore, a much368

simpler model of infrared radiative transfer is assumed forthe purpose of calculating error369

propagation, although we stress that in the subsequent forward modelling of radiances,370

the full two-stream model is used. In the absence of scattering and gaseous absorption,371

and assuming a single layer of physically thin cloud overlying a surface with an emissivity372

of unity, we may write the zenith radiance as373

I � = � cB(Tc)=� + (1 � � c)B (Ts)=�; (9)

where � c is the emissivity of the cloud, B is the Planck function, and Tc and Ts are

respectively cloud and skin temperatures. For a radiance inthe zenith direction, cloud

emissivity can be calculated from the infrared absorption optical depth (� � ):

� c = 1 � exp(� � � ): (10)

Infrared absorption optical depth can be well approximatedas half of the visible optical

depth and the cloud emissivity becomes:

� c = 1 � exp(� � v=2): (11)

Since the radiances are only introduced into the retrieval after the radar-lidar part of374

the algorithm has been run to convergence, we may use the visible optical depth derived375

by radar and lidar here. In practice it is found that the radarand lidar provide an optical376

depth that is close to the value using all three instruments,and therefore the use of this377

optical depth does not introduce substantial uncertainty in the calculation of the error in378
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I � . We take the partial derivative of (9) with respect toTc and Ts, and by assuming each379

error is independent may sum the squares of the results to obtain the error variance of380

the radiance:381

� I 2
� = � T2

c � 2
c [dB(Tc)=dTc]

2 =� 2

+� T2
s (1 � � c)2 [dB(Ts)=dTs]

2 =� 2;
(12)

where � Ts is the error in skin temperature, which is assumed to be 3 K forECMWF382

forecasts [Morcrette, 2001]. � Tc is the error in the cloud temperature; we use a value383

of 0.6 K, which was the error estimated for ECMWF temperatureforecasts byBenedetti384

[2005]. The gradients of the Planck function are straightforward to calculate at the Ts385

and Tc (taken to be the cloud-top temperature as detected by the lidar). Note that it386

is not necessary to consider random error in cloud emissivity, since we are calculating387

the error in radiance due to parameters in the forward model that are held constant388

during the subsequent retrieval process. Since the cloud optical depth, and hence the389

cloud emissivity, will be varied in order to better match theobserved radiance in the390

subsequent retrieval, there is no need to include this errorin (12).391

It is clear that the errors in radiance are strongly dependent on the visible optical392

depth retrieved in the �rst part of the algorithm: optically thin clouds let through a393

substantial amount of radiation from the surface, and therefore the surface temperature394

error contributes signi�cantly to the error in the radiance forward model. For optically395

thick clouds, � c is close to unity, and so almost all the measured radiation isemitted by396

the cloud, and hence the errors in forward modelling the radiance arise entirely from the397

lower error in the temperature pro�le.398

4.3.2. Infrared measurement errors399
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An error estimate in the radiance measurements for each MODIS wavelength is given400

as a percentage by the \Cloudsat MODIS-AUX Auxiliary Data", with a typical value of401

0:5%. This error estimate is combined with the errors due to themicrophysical model402

[Cooper et al., 2003].403

4.4. Radar-lidar colocation errors

Another source of error arises due to the mismatch of the radar and lidar beams. Illing-404

worth et al. [2000] investigated this e�ect, and they estimated an errorof 0.1 dB when405

the lidar samples through the middle of the radar footprint,increasing to 2 dB for a406

separation of radar and lidar footprints of 3 km. These values correspond to the RMS407

di�erence in re
ectivity that would be found if the lidar mea sured the same quantity as408

the radar. Accordingly, we usually consider data to be acceptable when the separation409

distance is less than 1 km, otherwise the alignment cannot betrusted and no retrieval is410

performed. Fortunately, most of the time this distance doesnot exceed 1 km.411

5. Results

In this section, the algorithm is applied to case studies of A-Train data. The target412

categorization is obtained using the methodology described in section 2.2, and error cal-413

culations needed for the variational approach are performed as explained in the previous414

section.415

5.1. Radar and lidar retrieval

Figures 3a and 3e show an ice cloud sampled by the CALIPSO lidar and the CloudSat416

radar on 22 September 2006 at around 15:29 UTC. This is a good illustration of the417

complementarity between the lidar and the radar, since onlythe lidar detects the second418
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part of the cloud between 9.5 and 12.5� latitude, but it cannot completely penetrate the419

cloud between 6 and 7.5� , while the radar can. They are able to work together when the420

cloud becomes thick enough to be detected by the radar down tothe distance at which421

the lidar is completely extinguished. Fig. 3b shows the categorization obtained using the422

method described in section 2.2, where the ice phase is represented in light blue and purely423

supercooled liquid in dark blue, and we can see that most of this cloud is composed of424

ice, without any supercooled water layers detected (green). Since the DH08 algorithm425

works only for the ice phase, the retrieved cloud propertieswill be restricted to the part426

where the cloud is represented in light blue although in a mixed-phase cloud, a radar-only427

retrieval is performed. We can also see that the lidar signalis completely extinguished428

from 6 to 7.5� and there no molecular echo detected below most of the cloud.429

First we run the algorithm with only radar and lidar (no MODIS data assimilated)430

and without using lidar molecular scattering beyond the cloud as a constraint on optical431

depth. The lidar forward-modeled attenuated backscatter signal, at the �nal iteration of432

the algorithm, is represented by Fig. 3c and is in a good agreement with the measured433

signal. The molecular signal is also simulated (but not assimilated). Fig. 3g represents434

the radar forward-modeled signal, once again in a good agreement with the measurement435

indicating that the retrievals are well constrained by observations throughout the depth436

of the cloud. Figs. 3d, f and h represent, respectively, the retrieved visible extinction for437

ice, the ice water content and the ice e�ective radius. Thereare no obvious discontinuities438

between the regions where both instruments detect the cloudto regions detected by only439

radar or lidar. Although there are no validation data available (even if MODIS can be a440

partial validation; see section 5.2), retrieved properties are in valid ranges; for instance441
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e�ective radius lies within the range 10 and 90� m, and it tends to decrease toward the442

cloud top and does not exceed 30� m. However, the e�ective radius appears to be very443

dependent on the altitude of the cloud, especially when onlyone of the instruments is444

available. This is partially due to the fact that when only one instrument is available, the445

particle size information originates primarily from the a priori constraint on N 0
0, which is446

temperature dependent. Nevertheless, ice water content and visible extinction coe�cient447

appear to be much more independent of the temperature, and the structures of the cloud448

observed by the instruments are still conserved in the retrieved variables.449

5.2. Using the lidar molecular signal beyond the cloud

When ice clouds are su�ciently thin to allow the lidar signal to penetrate them en-450

tirely, the molecular signal can be detected beyond the cloud and used automatically as451

a constraint on optical depth [Cadet et al., 2005]. The attenuation due to the ice cloud452

a�ects the molecular return and thus comparing the measuredmolecular signal to that453

expected in the absence of clouds gives an information on cloud optical thickness. To do454

this in a variational framework we simply add a few gates (about 10) beyond the far end455

of the cloud in y. The lidar forward model is able to simulate the molecular scattering,456

including the e�ect of multiple scattering, and can be included in the assimilation process.457

Fig. 4 represents the e�ect of adding this information for the same ice cloud described in458

section 5.1, but selecting the optically thin part where themolecular return is detectable.459

This cloud was sampled during night-time and hence the attenuated backscatter signal is460

not too noisy, as exempli�ed by Fig. 4a. Fig. 4b represents the visible extinction retrieved461

by the algorithm without using the molecular signal, while in Fig. 4c the molecular signal462

is used. This cloud is not well detected by the radar and therefore we would expect the463
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retrieval to be susceptible to Hitchfeld-Bordan instability ( Hitchfeld and Bordan [1954])464

if no molecular signal is detected and the cloud is too optically thick. It can be seen465

that in some locations the retrieved extinction is much lower when the molecular signal466

is used. Fig. 4d shows that optical depth is often much lower when the molecular signal467

is used and it tends to stabilize the retrieval especially around 11� and between 9.2� and468

10� latitude. An independent validation is carried out in Fig. 4e, where infrared radiances469

at 10� m are simulated and compared to MODIS. Extinction around 11� and between470

9.2� and 10� is too large in the case of the molecular signal not being used, and results471

in a radiance much lower than observed by MODIS. This exampleshows that making472

use of the molecular signal signi�cantly improves the retrieved extinction. However, this473

new constraint is very dependent on the quality of the targetcategorization; we need to474

know accurately where cloud base lies and which pixels only contain molecular scattering.475

During day time, sunlight increases the noise in the lidar signal and the small molecular476

signal is swamped by the larger background solar signal. Therefore, we use it only during477

the night.478

5.3. Impact of the choice of mass-size relationship

As mentioned in section 3.1, our forward model requires lookup tables which are derived479

assuming theBrown and Francis [1995] relationships for spherical aggregates. These480

relationships have been derived using mid-latitude in-situ aircraft data and the radar481

re
ectivity they predict is very close to observationsHogan et al.[2006b], although may482

not be entirely suitable for tropical or polar clouds. Hogan et al. [2006a] estimated the483

impact of changing the relationship fromBrown and Francis [1995] to Mitchell [2006]484
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for two di�erent radar-lidar algorithms, and found that the visible extinction was not485

a�ected. while IWC and re were changed by about 30%.486

In this section we estimate this impact on our radar-lidar algorithm. Validation cam-487

paigns, where in situ measurements are available under the track of the satellites, could be488

used to partially estimate this error. However, due to the complexity of this task and the489

fact that there is considerable uncertainty on mass-size relationships, even from aircraft,490

this will not be addressed in this paper. Instead, we evaluate the impact of the change in491

the area-diameter and the mass-diameter relationships in the retrieval of cloud properties.492

To do so, we created new lookup tables assuming the mass-area-diameter relationships493

appropriate for bullet rosettes with 5 branches proposed byMitchell [2006], instead of494

spherical aggregates. Bullet rosettes are common in midlatitude and polar cirrus clouds495

[Schmitt et al., 2006]. We compare the retrieved ice cloud properties usingthe DH08496

algorithm and assuming that ice particles are either entirely bullet rosettes or entirely497

aggregates (except for the smallest particles that are solid ice spheres in both cases). We498

apply our algorithm on the case presented in Fig. 1, using radar and lidar. However, in499

some areas, lidar and radar are not simultaneously available. The results of this compari-500

son are shown in Fig. 5, where we split the analysis into threeinstrument con�gurations:501

when lidar or radar are assimilated but only one detect a particular pixel in the pro�le,502

and when radar and lidar are used simultaneously. In a pro�lewe can have all these con-503

�gurations; therefore note that the retrieval is a�ected simultaneously by all regions due504

to using of a priori error covariances for spreading of number concentration information505

in height (see section 2.4 of DH08).506
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Fig. 5a represents the retrieved extinction assuming bullet rosettes (hereafter � BR )507

as a function of the retrieved extinction assumingBrown and Francis [1995] (hereafter508

� BF ), for lidar-only pixels. Fig. 5b represents radar-only pixels and 5c radar plus lidar.509

It can be seen that� BR values are larger than� BF with an overall bias of 45% and a510

spread over one order of magnitude. The numerical results are summarized in Table 1511

and show a root-mean-squared spread of 60%. As shown by Fig. 5b, the overall bias is512

mostly due the radar-only contribution (� 101%), for which retrieved extinction is very513

sensitive to the choice of ice particle type. Radar measurements alone are not enough514

to accurately retrieve extinction since the re
ectivity is not directly linked to extinction;515

another variable is needed such as number concentration, which is obtained through an a516

priori relationship when lidar is not available. Fig. 5a reveals that for lidar-only retrievals,517

visible extinction is only a�ected by the change in particletype by � 20� 46%. In theory it518

should not be a�ected by the area-diameter and the mass-diameter assumptions, but this519

retrieval is a�ected by the radar only and radar-lidar part of the extinction pro�le. This520

has been veri�ed using only the lidar for the entire retrieval (i.e. the radar is not used at521

all in the retrieval): the visible extinction retrieval does not need to assume any particle522

shape once the extinction-to-backscatter ratio is �xed, since in the geometric optics limit,523

extinction is directly linked to the lidar measurement (notshown).524

The regions detected by both radar and lidar are also a�ectedby the rest of the pro�le,525

as shown by Fig. 5c, for which the mean relative di�erence is about 28%. Since the526

visible extinction is retrieved simultaneously using radar and lidar, the radar contribution527

makes the retrieval dependent on the particle shape assumption. Hogan et al. [2006a]528

found that there is no e�ect on the extinction retrieval since the Donovan et al. [2001]529
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and Tinel et al. [2005] algorithms that they analysed used the radar signal to assist in530

the correction for lidar attenuation. In our case the radar is not only used to stabilize531

the retrieval, it also contributes signi�cantly to the retr ieved extinction. However, this is532

largely related to the ability of DH08 algorithm to act as a radar-only algorithm within533

the same pro�le, something not possible with earlier two algorithms that can only work534

where both instruments detect the cloud.535

The general behavior is slightly di�erent concerning ice water content (IWC). We use536

the lookup tables to derive IWC visible extinction and number concentration. The mean537

relative di�erence overall is almost equal to zero, as shownin Table 1. As shown in538

Fig. 5d, lidar-only IWC assumingBrown and Francis [1995] (hereafter IWCBF ) is greater539

than IWC retrieved using bullet rosettes (hereafter IWCBR ). The opposite e�ect is shown540

for radar-only. When radar and lidar are used simultaneously, the di�erence in IWC is541

less apparent although IWCBF is slightly larger than IWCBR for the smallest IWC. The542

lidar-only IWC retrieval is more sensitive to the mass-diameter assumptions (42� 37%),543

since there is more dependence on the a priori assumption to get IWC, and the lookup544

table is mass-diameter dependent. Radar-only is also sensitive to density assumptions545

(� 47� 117%) for the same reason. In the radar-lidar region (Fig. 5f) the impact of the546

choice of particle habit is quite small in terms of mean relative di�erence since it does not547

exceed 10%.548

We do not plot the results for e�ective radius but we can see inTable 1 that the results549

are similar to those found byHogan et al.[2006a], i.e the mean relative di�erence is about550

30% for radar-lidar and radar-only. However the di�erence for lidar-only is higher, greater551

than 50%. The e�ective radius is proportional to the ratio ofIWC to extinction, therefore552
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for radar-only, since extinction and IWC retrievals are both density dependent (IWCBR >553

IWC BF and � BR > � BF ), the e�ective radius is less a�ected. For lidar-only, the retrieved554

extinction is less dependent on the density assumptions than IWC.555

To conclude this section, the assumed area-diameter and mass-diameter relationships556

a�ect more the radar-only and lidar-only parts of the retrieval than the radar-lidar parts557

of the retrieval, although the lidar-only extinction retrieval is not really sensitive. Note558

that all remote-sensing retrievals are subject to similar sensitivities. Fortunately, other559

constraints, particularly radiances, should help to reduce the uncertainties.560

5.4. Retrieval using radar, lidar and infrared radiometer

When infrared radiances are available, from MODIS or IIR, they can be used as an561

extra constraint. To demonstrate the impact of assimilating infrared radiances with radar562

and lidar and with making use of radar, lidar and radiometer,we run the algorithm on563

an ice cloud sampled on 8 July 2006 by CloudSat, CALIPSO and MODIS. Figs. 6a, 6b564

and 6m depict the radar re
ectivity, the attenuated backscatter and infrared radiance565

respectively. This ice cloud is relatively optically thin and can be penetrated by the lidar566

after -69� latitude, when ice is precipitating and only the radar can fully penetrate the567

cloud. Between -70 and -60� , only the lidar can detect the top of the cloud. Since this ice568

cloud is over the sea, the forward modeled radiance is not a�ected by surface emissivity569

variations. However, some supercooled water layers have been identi�ed in the boundary570

layer after -60� , and therefore the radiances are not be assimilated at thesetimes.571

Retrieved ice cloud properties are shown in Fig. 6, where panels (c), (f) and (i) are572

respectively, visible extinction, number concentration parameter (N �
0 ) and e�ective radius573

retrieved using only radar and lidar (we also make using the molecular signal beyond the574
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cloud as described in section 5.2). As illustrated by Figs. 6d, 6g and 6j, the e�ect of575

assimilating the infrared radiance at 10� m and the di�erence in radiance between 8� m576

and 12� m is clearly to increase� v and N �
0 and reduce e�ective radius at cloud base. In577

order to match the colder brightness temperature measured by MODIS, the algorithm578

must increase the extinction somewhere in the pro�le and therefore the optical depth.579

We would expect radiance assimilation to increase extinction and number concentration580

at cloud top and not at cloud base, since this is the part of thecloud that the radiances581

are most sensitive to. This does not occur due to the fact thatwe do not allow S to582

vary. Because the lidar signal strongly constrains the extinction at the cloud top, the only583

way the algorithm can match the measured radiance is to increase� v at the cloud base584

where it is less constrained by the lidar (it also needs to increase� v much more than it585

would if � v was being increased at cloud top but still cannot reduce the forward-modelled586

radiances all the way to the observations).587

To solve this problem, we allow extinction-to-backscatterratio to vary linearly with588

height (as mentioned in section 3), and Figs. 6e, 6h show that� v and N �
0 increase not589

only at cloud base but also at cloud top, and results also in a lower optical depth than in590

the case of constantS. E�ective radius (panel k) decreases at the cloud top compared to591

radar-lidar only and assimilating radiances withS constant. Fig. 6m shows that forward-592

modeled radiance withS variable in blue is closer to the observed radiance in grey.593

This section has shown how infrared radiances can be assimilated in the radar-lidar594

algorithm. However, to evaluate whether or not assimilating improves the retrieval we595

would need to compare the result to independent data. Since the use of radiances should596

improve the retrieved properties, we plan to carry out an evaluation using our retrievals597

D R A F T April 28, 2009, 10:25am D R A F T



X - 32 DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS

to compute longwave and shortwave 
uxes at the top of the atmosphere and compare598

them to Clouds and the Earth's Radiant Energy System (CERES).599

6. Conclusion

In this paper, the DH08 algorithm has been modi�ed and applied to A-Train data,600

using spaceborne radar, lidar and infrared radiometers to retrieve ice cloud properties.601

The �rst step needed is to merge the radar and lidar pro�les since these two instruments602

are not on the same platform or reported on the same grid. Since the algorithm works603

only for ice cloud, we �rst implemented a cloud phase identi�cation method similar to604

Hogan and O'Connor[2004], including identi�cation of supercooled water layers using the605

lidar signal and temperature. In terms of the variational algorithm itself, a change to the606

original algorithm was to add the capability for extinction-to-backscatter ratio to vary607

with height when infrared radiances are available. We also included rigorous calculation608

of both observational and forward-model errors.609

The algorithm has recently been run on a large volume of A-Train data and these610

retrieved cloud properties are currently being used to evaluate the clouds in the forecast611

models of the UK Met O�ce and ECMWF [ Stein et al., 2009;Delano•e et al., 2009].612

The 
exible algorithm presented here is very suitable for the future mission EarthCare613

[ESA, 2004], which will include a High Spectral Resolution Lidar[Shipley et al., 1983]614

that can observe the molecular signal even within cloud. A Doppler radar will add the615

capability to characterize the vertical motions in clouds and providing information on616

particle size via the measured fall speed [Matrosov et al., 2002;Delano•e et al., 2007]. It is a617

relatively straightforward matter to add forward models for these additional measurements618
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within the same retrieval framework, and we have recently done this for the High Spectral619

Resolution Lidar of the forthcoming EarthCARE satellite [Delano•e and Hogan, 2008b].620

Acknowledgments. The input data were obtained from the NASA Langley Re-621

search Center Atmospheric Science Data Center and the NASA CloudSat project. This622

work was supported by NERC grant NE/C519697/1 and European Space Agency grant623

20990/07/NL/EL.624

Notes

1. CC-Vex,http://mas.arc.nasa.gov/data/deploy html/ccvex home.html
625

References

Anselmo, T., R. Clifton, W. Hunt, K. Lee, T. Murray, K. Powell , O. Chomette, M. Viol-626

lier, A. Garnier, and J. Pelon (2006), Cloud Aerosol LIDAR Infrared Path�nder Satel-627

lite Observations (CALIPSO), Data Management System and Data Products Catalog,628

CALIPSO documentation, Release 2.3, Document No: PC-SCI-503.629

Ansmann, A., U. Wandinger, M. Riebesell, C. Weitkamp, and W.Michaelis (1992), Inde-630

pendent measurement of extinction and backscatter pro�lesin cirrus clouds by using a631

combined raman elastic-backscatter lidar,Appl. Opt., 33, 7113{7131.632

Benedetti, A. (2005), CloudSat AN-ECMWF ancillary data interface control doc-633

ument, technical document, CloudSat Data Processing Cent., Fort Collins,634

Colo., 16 July. (Available at http://cloudsat.cira.colostate.edu/ICD/AN-ECMWF/AN-635

ECMWF doc v4.pdf).636

D R A F T April 28, 2009, 10:25am D R A F T



X - 34 DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS

Brown, P. R. A., and P. N. Francis (1995), Improved measurements of the ice water637

content in cirrus using a total-water probe,J. Atmos Oceanic. Technol., 12, 410{414.638

Cadet, B., V. Giraud, M. Hae�elin, P. Keckhut, A. Rechou, andS. Baldy (2005), Improved639

retrievals of the optical properties of cirrus clouds by a combination of lidar methods,640

Appl. Opt., 44, 1726{1734.641

Chen, W.-N., C.-W. Chiang, and J.-B. Nee (2002), Lidar ratioand depolarization ratio642

for cirrus clouds,Appl. Opt., 41, 6470{6476.643

Chiriaco, M., H. Chepfer, V. Noel, A. Delaval, M. Hae�elin, P. Dubuisson, and P. Yang644

(2004), Improving retrievals of cirrus cloud particle sizecoupling lidar and three-channel645

radiometric techniques,Mon Weath. Rev., 132, 1684{1700.646

Cooper, S. J., T. S. L'Ecuyer, and G. L. Stephens (2003), The impact of explicit cloud647

boundary information on ice cloud microphysical property retrievals from infrared ra-648

diances,J. Geophys. Res., 108, 4107{4123.649

Cooper, S. J., T. S. L'Ecuyer, P. M. Gabriel, A. J. Baran, and G. L. Stephens (2006),650

Objective assessment of the information content of visibleand infrared radiance mea-651

surements for cloud microphysical property retrievals over the global oceans. Part II:652

Ice clouds,J. Appl. Meteorol., 45, 42{62.653

Delano•e, J., and R. J. Hogan (2008a), A variational scheme for retrieving ice cloud proper-654

ties from combined radar, lidar and infrared radiometer,J. Geophys. Res., 113, D07204,655

doi:10.1029/2007JD009000.656

Delano•e, J., and R. J. Hogan (2008b), Algorithm theoretical basis docu-657

ment for ACM-Ice-Reading (variational radar-lidar-radiometer ice cloud re-658

trieval), produced for the European Space Agency as part of the project659

D R A F T April 28, 2009, 10:25am D R A F T



DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS X - 35

CASPER (Cloud and Aerosol Synergetic Products from EarthCARE660

Retrievals):http://www.met.rdg.ac.uk/clouds/publica tions/CASPER-ATBD-661

ACM Ice Reading.doc.662

Delano•e, J., A. Protat, J. Testud, D. Bouniol, A. J. Heyms�eld, A. Bansemer, P. R. A.663

Brown, and R. M. Forbes (2005), Statistical properties of the normalized ice particle664

size distribution, J. Geophys. Res., 110, 10201, doi:10.1029/2004JD005405.665

Delano•e, J., A. Protat, J. Testud, D. Bouniol, A. J. Heyms�eld, A. Bansemer, and P. R. A.666

Brown (2007), The characterization of ice clouds properties from Doppler radar mea-667

surements,J. Appl. Meteorol. Climatology, 46, 1682{1698, doi:10.1175/JAM2543.1.668

Delano•e, J., R. J. Hogan, R. Forbes, and A. Bodas-Salcebo (2009), Evaluation of ice669

cloud representation in ECMWF and UK MetO�ce models using A-Train data, J.670

Appl. Meteorol. Climatology, to be submitted.671

Donovan, D. P., A. C. A. P. van Lammeren, H. W. J. Russchenberg, A. Apituley, R. J.672

Hogan, P. N. Francis, J. Testud, J. Pelon, M. Quante, and J. W.F. Goddard (2001),673

Cloud e�ective particles size and water content pro�le retrievals using ombined radar674

and lidar observations - 2. Comparison with IR radiometer and in-situ measurements675

of ice clouds,J. Geophys. Res., 106, 27,449{27,464.676

ESA (2004), EarthCARE - Earth Clouds, Aerosols and Radiation Explorer, European677

Space Agency SP-1279(1)|The six candidate Earth Explorer Missions ESA/ESTEC,678

Noordwijk, The Netherlands.679

Francis, P. N., P. Hignett, and A. Macke (1998), The retrieval of cirrus cloud properties680

from aircraft multi-spectral re
ectance measurements during EUCREX'93, Quart. J.681

Roy Meteorol. Soc., 124, 1273{1291.682

D R A F T April 28, 2009, 10:25am D R A F T



X - 36 DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS

Hitchfeld, W. F., and J. Bordan (1954), Errors inherent in the radar measurement of683

rainfall at attenuating wavelengths,J. Meteorol., 11, 58{67.684

Hogan, R. J. (2006), Fast approximate calculation of multiply scattered lidar returns,685

Appl. Optics, 45, 5984{5992.686

Hogan, R. J., and E. J. O'Connor (2004), Facilitating cloud radar and lidar algorithms: the687

Cloudnet Instrument Synergy/Target Categorization product, Cloudnet documentation,688

http://www.met.rdg.ac.uk/clouds/publications/catego rization.pdf.689

Hogan, R. J., P. N. Francis, H. Flentje, A. J. Illingworth, M. Quante, and J. Pelon (2003a),690

Characteristics of mixed-phase clouds: Part I: Lidar, radar and aircraft observations691

from CLARE'98, Quart. J. Roy Meteorol. Soc., 129, 2089{2116.692

Hogan, R. J., A. J. Illingworth, E. J. O'Connor, and J. P. V. P. Baptista (2003b), Charac-693

teristics of mixed-phase clouds: Part II: A climatology from ground-based lidar,Quart.694

J. Roy Meteorol. Soc., 129, 2117{2134.695

Hogan, R. J., M. D. Behera, E. J. O'Connor, and A. J. Illingworth (2004), Estimate of the696

global distribution of stratiform supercooled liquid water clouds using the LITE lidar,697

Geophys. Res. Lett., 31, 05106, doi:10.1029/2003GL018977.698

Hogan, R. J., N. Gaussiat, and A. J. Illingworth (2005), Stratocumulus liquid water699

content from dual-wavelength radar,J. Atmos Oceanic. Technol., 22, 1207{1218.700

Hogan, R. J., D. P. Donovan, C. Tinel, M. A. Brooks, A. J. Illingworth, and J. P. V.701

Poiares Baptista (2006a), Independent evaluation of the ability of spaceborne radar702

and lidar to retrieve the microphysical and radiative properties of ice clouds,J. Atmos703

Oceanic. Technol., 23, 211{227.704

D R A F T April 28, 2009, 10:25am D R A F T



DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS X - 37

Hogan, R. J., M. P. Mittermaier, and A. J. Illingworth (2006b), The retrieval of ice water705

content from radar re
ectivity factor and temperature and its use in the evaluation of706

a mesoscale model,J. Appl. Meteorol. Climatology, 45, 301{317.707

Illingworth, A. J., R. J. Hogan, A. C. A. P. van Lammeren, D. P. Donovan, F. H.708

Berger, T. Halecker, C.-L. Liu, A. Feijt, and H. I. Bloemink (2000), Quanti�cation709

of the synergy aspects of the Earth Radiation Mission, �nal report, ESTEC Contract710

13167/98/NL/GD. http://www.met.rdg.ac.uk/clouds/publ ications/synergy.pdf.711

Illingworth, A. J., R. J. Hogan, E. J. O'Connor, D. Bouniol, M. E. Brooks, J. Delano•e,712

D. P. Donovan, J. D. Eastment, N. Gaussiat, J. W. F. Goddard, M. Hae�elin, H. Klein713

Baltink, O. A. Krasnov, J. Pelon, J.-M. Piriou, A. Protat, H. W. J. Russchenberg,714

A. Seifert, A. M. Tompkins, G.-J. van Zadelho�, F. Vinit, U. W ill�en, D. R. Wilson,715

and C. L. Wrench (2007), Cloudnet { continuous evaluation ofcloud pro�les in seven716

operational models using ground-based observations,Bull. Am. Meteorol. Soc., 88, 883{717

898, doi:10.1175/BAMS-88-6-883.718

King, M., S. Tsay, S. E. Platnick, M. Wang, and K. N. Liou (1998), Cloud retrieval719

algorithms for MODIS: Optical thickness, e�ective particle radius, and thermodynamic720

phase.,ATBD Reference Number: ATBD-MOD-05.721

Liu, C. L., and A. J. Illingworth (2000), Towards more accurate retrievals of ice water722

content from radar measurement of clouds,J. Appl. Meteorol., 39, 1130{1146.723

Liu, Z., W. Hunt, M. Vaughan, C. Hostetler, M. McGill, K. Powell, D. Winker, and Y. Hu724

(2006), Estimating random errors due the shot noise in backscatter lidar observations,725

Appl. Optics, 45, 4437{4447.726

D R A F T April 28, 2009, 10:25am D R A F T



X - 38 DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS

Mace, G. G. (2004), Level 2 GEOPROF product process description and interface control727

document (v. 3), CloudSat documentation, CIRA, Colorado State University.728

Matrosov, S. Y., A. V. Korolev, and A. J. Heyms�eld (2002), Pro�ling cloud ice mass729

and particle characteristic size from Doppler radar measurements, J. Atmos Oceanic.730

Technol., 19, 1003{1018.731

Mitchell, D. (2006), Use of mass- and area-dimensional power laws for determining pre-732

cipitation particle terminal velocity, J. Atmos. Sci., 53, 1710{1723.733

Mitrescu, C., J. M. Haynes, G. L. Stephens, S. D. Miller, G. M.Heyms�eld, and M. J.734

McGill (2005), Cirrus cloud optical, microphysical, and radiative properties observed735

during the crystal-face experiment: A lidar-radar retrieval system, J. Geophys. Res.,736

110, 09208, doi:10.1029/2004JD005605.737

Morcrette, J.-J. (2001), Accessment of the ECMWF model cloudiness and surface radia-738

tion �elds at the ARM-SGP site, ECMWF technical memorandum.739

Okamoto, H., S. Iwasaki, M. Yasui, H. Horie, H. Kuroiwa, and H. Kumagai (2003), An740

algorithm for retrieval of cloud microphysics using 95-GHzcloud radar and lidar, J.741

Geophys. Res., 108, 4226{4247.742

Platt, C. M. R., S. C. Scott, and A. C. Dilley (1987), Remote sounding of high clouds -743

4. Optical properties of midlatitude and tropical cirrus,J. Atmos. Sci., 44, 729{747.744

Protat, A., J. Delano•e, D. Bouniol, A. J. Heyms�eld, A. Bansemer, and P. R. A. Brown745

(2007), Evaluation of ice water content retrievals from cloud radar re
ectivity and tem-746

perature using a large airborne in-situ microphysical database,J. Appl. Meteorol. Cli-747

matology, 46, 557{572.748

D R A F T April 28, 2009, 10:25am D R A F T



DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS X - 39

Sassen, K. (1991), The polarization lidar technique for cloud research{a review and current749

assessment,Bull. Am. Meteorol. Soc., 72, 1848{1866.750

Schmitt, C. G., J. Iaquinta, and A. J. Heyms�eld (2006), The asymmetry parameter751

of cirrus clouds composed of hollow bullet rosetteshaped ice crystals from ray-tracing752

calculations,J. Appl. Meteorol. Climatology, 45, 973981, doi:10.1175/JAM2384.1.753

Shipley, S. T., D. H. Tracy, E. W. Eloranta, J. T. Trauger, J. T. Sroga, F. L. Roesler, and754

J. A. Weinman (1983), A high spectral resolution lidar to measure optical scattering755

properties of atmospheric aerosols - 1. Instrumentation and theory, Appl. Optics, 23,756

3716{3724.757

Stamnes, K., S. C. Tsay, W. Wiscombe, and K. Jayaweera (1988), Numerically stable algo-758

rithm for discrete-ordinate-method radiative transfer inmultiple scattering and emitting759

layered media,Appl. Optics, 27, 2502{2509.760

Stein, T. H. M., J. Delano•e, and R. J. Hogan (2009), A comparison between di�erent761

retrieval methods for ice cloud properties using data from the CloudSat and A-Train762

satellites, J. Appl. Meteorol. Climatology, to be submitted.763

Stephens, G. L., D. G. Vane, R. J. Boain, G. G. Mace, K. Sassen,Z. Wang, A. J.764

Illingworth, E. J. O'Connor, W. B. Rossow, S. L. Durden, S. D.Miller, R. T. Austin,765

A. Benedetti, C. Mitrescu, and the CloudSat Science Team (2002), The Cloudsat Mis-766

sion and the A-Train, Bull. Am. Meteorol. Soc., 83, 1771{1790.767

Thomas, L., J. Cartwright, and D. Wareing (1990), Lidar observations of the horizontal768

orientations of ice crystals in cirrus clouds,Tellus, 42B, 211{216.769

Tinel, C., J. Testud, R. J. Hogan, A. Protat, J. Delano•e, andD. Bouniol (2005), The770

retrieval of ice cloud properties from cloud radar and lidarsynergy, J. App. Meteorol.,771

D R A F T April 28, 2009, 10:25am D R A F T



X - 40 DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS

44, 860{875.772

Wang, Z., and K. Sassen (2002), Cirrus cloud microphysical property retrieval using idar773

and radar measurements - 1. Algorithm description and comparison with in situ data,774

J. App. Meteorol., 41, 218{229.775

Winker, D. M., J. Pelon, and M. P. McCormick (2003), The CALIPSO mission: Space-776

borne lidar for observation of aerosols and clouds,Proc. SPIE, 4893, 1{11.777

D R A F T April 28, 2009, 10:25am D R A F T



DELANO •E ET AL.: COMBINED CLOUDSAT-CALIPSO-MODIS RETRIEVALS X - 41

Table 1. Mean relative di�erence and root-mean-squared di�erence for retrieved IWC, visible

extinction and e�ective radius betweenBrown and Francis [1995] and bullet rosettesMitchell

[2006], for the case shown in Fig. 5.
Instruments used � IWC re
Radar only � 101� 69% � 47� 117% 28� 17%
Lidar only � 20� 46% 42� 37% 52� 7%
Radar and lidar � 28� 41% 9� 73% 30� 18%
Radar and lidar, radar only, lidar only � 45� 60% � 0:1 � 37% 32� 7%

Figure 1. Latitude-height representation of an ice cloud observed byboth (a) the CloudSat

radar and (b) CALIPSO lidar 13 October 2006 between 03:52 and03:58 UTC. The presence of

supercooled layers is indicated by red boxes, where a stronglidar echo is observed while the radar

echo is very weak. The result of our categorization is shown in panel (c).
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Figure 2. Simulated pro�les used to estimate the random error due to assuming the extinction-

to-backscatter ratio (S) constant with height: (a) true pro�les of S described in the text (dashed

lines) and the corresponding retrieved constant pro�les (solid lines), (b) visible extinction pro�le

simulated from particle size distributions collected during EUCREX (thick dashed black line)

and retrieved visible extinction coe�cients using the DH08algorithm using constantS when the

true S has the shapes shown in panel a (solid lines).
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Figure 3. Example of observations and retrieved ice cloud propertiesusing the radar-lidar

algorithm (the molecular lidar return beyond the cloud is not used) on 22 September 2006 at

around 15:29 UTC: (a) CALIPSO lidar observations, (e) CloudSat radar observations of the same

scene, (b) the categorization obtained using the method described in section 2.2, (c) the lidar

forward modeled attenuated backscatter signal at the �nal iteration of the algorithm, (g) the

radar forward modeled signal, (d) retrieved extinction coe�cient of ice, (f) retrieved ice water

content, (h) retrieved e�ective radius.
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Figure 4. Illustration of the e�ect of including the molecular return beyond the cloud on

retrieved visible extinction, for part of the ice cloud represented in Fig. 3. Panel (a) is the mea-

sured lidar attenuated backscatter, panels (b) and (c) are retrieved visible extinction respectively

without and with using the molecular signal. Panel (d) represents the retrieved optical depths.

Panel (e) depicts the top-of-atmosphere radiance at 10� m: measured by MODIS and, forward

modeled both with and without molecular assimilated (note that the MODIS radiances were not

used as a part of the retrieval).D R A F T April 28, 2009, 10:25am D R A F T
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Figure 5. Scatterplots of retrieved visible extinction and ice watercontent assuming spherical

aggregates [Brown and Francis, 1995] versus bullet rosettes; panels (a) and (d) are the results

for pixels only detected by lidar-only, panels (b) and (e) for radar-only, and panels (c) and (f)

for radar and lidar.
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Figure 6. Illustration of the impact of assimilating infrared radiances in the retrieval process.

Latitude-height representation of an ice cloud observed byboth (a) CALIPSO lidar and (b) the

CloudSat radar on 8 July 2006. Panels (c), (f) and (i) are respectively, visible extinction, number

concentration parameter (N �
0 ) and e�ective radius retrieved using only radar and lidar. Panels

d, g and j, show the e�ect of assimilating the infrared radiances at 10�m and the di�erence in

radiance between 8�m and 12�m when S is assumed constant. Panels (e), (h) and (k) represent

the impact of assimilating radiances whenS is allowed to vary with height. (l) retrieved visible

optical depth, (m) simulated and observed radiances for thethree experiments at 10�m .

D R A F T April 28, 2009, 10:25am D R A F T


