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WP 3 - Development of retrieval algorithms.
(Deliverable 10)

Work-package objective:

To develop algorithms for retrieving macroscopic (i.e. cloud coverage, top bottom) and
microphysical properties (i.e. optical extinction, effective particle size) using lidar, radars and
other instruments.

1 Introduction

This report presents the algorithms devel oped and used throughout the CloudNet project. The
algorithms are presented and discussed in terms of their applicability, their strengths and their
weaknesses. The algorithms are organized into the following types:

1. Target Classification (i.e. Cloud/aerosol mask, cloud tops and bottoms, cloud phase
identification)

2. Water Cloud retrieval algorithms (i.e. Effective particle size, liquid water content
(LWC) profiles)

3. lce Cloud retrieval algorithms (i.e. Effective particle sizes, ice water content profiles
(IWC))

4. In cloud turbulent energy dissipation rate.

The focus of this document is generally limited to the algorithms directly associated with the
level 2 (meteorological) products. The generation of subsequent datasets specifically for
comparison with atmospheric models (level 3 data) is, however, and discussed within this
document.

In the remainder of this document, the CloudNet processing scheme is discussed according to
the outline given above. A brief summery of the main characteristics of each algorithm s
given and its application within CloudNet is discussed. Where appropriate, general
observations and recommendations related to specific algorithms performance and specific
use within CloudNet will be given. To describe all the algorithms employed or investigated
within the CLODUNET project in great technical detail would be unwieldy; instead, brief
technical descriptions of each algorithm with links or references giving even more
information are given in various appendices. .



2 Target Classification (Cloud macrostructure)

The cloud macrostructure algorithms combine various instrument data in order to classify the
vertical structure of the atmosphere being sensed according to the presence or absence of
clouds. The Cloudnet target classification is a fundamental part of the CloudNet retrieval
process. The classification procedure combines lidar, radar and other measurements the
target classification procedure identifies areas of aerosol, water or iced cloud and clear sky
and serves as guiding input to various other subsequent quantitative algorithms. Associated
with the classification procedures are procedures to assess other macroscopic cloud
properties such as cloud top and cloud coverage. During CloudNet it was found that the
combination of lidar, radar and microwave radiometer measurements are essential to properly
classify general cloudy atmospheres. A brief overview of the algorithms/procedures used
within CloudNet is presented in Table 2-1. Detailed descriptions for each entry may be found
in Appendix A: The CloudNet classification and cloud macroscopic procedures.

Procedure I nput Outputs Remarks

Level 1c -Radar Ze Classification Primary CloudNet
Instrument -Radar Vd and data quality classification product
Synergy / -Radiometer LWP | flags

Target -Rain Gauge

Categorization -Model Fields

Level 2a Target -Level 1c data As above but Based on level
Classificationand | (above) Simplified 1-c procedure

Cloud Boundaries information

Level 2b Cloud -Level 2aand 1c | Cloud fraction Each model hasits
Fraction data (above) (observed and from | own associated data set.

various models) on
specific model grids

Level 3 Cloud -Level 2b data Cloud fraction Specificaly for model
Fraction Evaluation statistics on specific | Evaluation. Each model
Statistics model grids has its own associated
data set.
CAPRO-CP (Cloud |-Lidar Cloud phase Requires depolarization
Aerosol Properties— | Depolarization (iceor liquid) lidar Supplementary
Cloud Phase) ratio CloudNet product
STRAT (STRucture | -Lidar backscatter | Cloud, aerosol or Lidar only classification
of the ATmosphere) Clear-sky flag scheme. Requires lidar

operating in visible.
or ultraviolet (Supplement|
CloudNet product.)

Table 2-1CloudNet target classification algorithm/procedures.



3 Water Cloud Algorithms

Theretrieval of water content has been the focus of most algorithms directed towards
guantitative water cloud property retrievals. These agorithms generally use data from
microwave radiometer, lidars and or radars. However, effort has also gone into methods that
do not use microwave radiometer data (which has not been available at al timesfor all sites).
The water cloud algorithms developed or employed during CloudNet are listed below in
Table 3-1.

It should be noted that only non-precipitating cases are considered. Precipitation reaching the
ground adversely affects the radar and microwave radiometer observations. More detail; can
be found in Appendix B: CloudNet Water cloud Algorithms.

Procedure I nput Outputs Remarks
Improved liquid -Microwave Liquid water path Improved LWP
water path combining brightness (LWP) Particularly at low LWP
radiometers and lidar| temperatures. Vaues.
observations. -Level 1c target

Classification

-T,P profiles
Level 2a. Drizzle -Microwave LWP | Variousdrizzle
parameters measurements parameters, including

-Radar Ze particle effective size

-Radar Vd and mass flux

-Lidar Cloud base

-Level 1c target

classification
Level 2aLiquid -Lidar cloud base |Liquid water content | Multiple water layers
Water content -Radar cloud top | (LWC) profile are not treated.
(scaled adiabatic -LWP
method) -Level 1c target

classification

-T,P profiles
Level 2b Liquid Asabove As above, but binned | Each model
Water content to specific model has its own associated
(scaled adiabatic grids data set.
method)
Leve3: Liquid Water| As above LWC/LWP statistics | Each model
Content Evaluation (both modelled and | hasits own associated
Statistics observed) particular | data set.

to different models.

Radar-Lidar -Lidar backscatter | LWC and refined Does not use microwave
technique for -Radar reflectivity | drizzle detection/ LWP estimates.
LWC retrieval in -Level 1ctarget | classification in water
water clouds classification clouds

-T,P profiles

Table 3-1CloudNet water cloud algorithms/procedures



3.1 Water cloud algorithm evaluation activities.

The most important parameter with regards to water clouds within CloudNet is the liquid
water path. Most of the water cloud quantitative algorithms use the same LWP values
derived from the same set of microwave radiometer measurement. However, one technique
developed and employed within CloudNet does not rely on input from the microwave
radiometer and thus provides an independent estimate of LWP which may be compared to
the other retrieval techniques.

The radar-lidar technique for the retrieval of the liquid water content in low level clouds (see
Krasnov and Russchenberg, 2005) has been developed and applied to the long-term near-
continuous observations at the four ground-based stations in Europe (Chilbolton, Cabauw,
Palaiseau, and Lindenberg), which were collected during the Cloudnet project. Provided
algorithm uses the radar reflectivity to lidar optical extinction ratio for the detection and
characterization of the drizzle in the water clouds, overcoming the difficultiesin use of the
quantitative radar datafor water clouds microphysical retrievals. One of this technique's main
advantagesis that it does not use the microwave radiometer data to obtain the vertical
profiles of LWC and the integral LWP, as other available remote sensing techniques use
(Frisch et a.,1996, Lohnert et. al., 2001, E. O'Connor's quasi-adiabatic technique (see this
report)). Using the Cloudnet dataset it was shown, that the probability density of the radar
reflectivity for three categories of water clouds, which are differently affected by the drizzle
fraction, are very similar and stable for all Cloudnet sites, and the radar-lidar technique can
be used even in cases when the lidar data not available, and on the sites, which are equipped
with the cloud radar only. It gives the possibility to have the independent source of the
information about water clouds at the fully equipped atmospheric remote sensing anchor
stations and still to retrieve the profiles of the liquid water clouds content over the sites with
cloud radar only. In Figure 3-1: An example of daily time series of LWP, retrieved using
microwave radiometer data and radar-lidar technique, and the histogram of their differences
below an example of the daily time series of the retrieved using the radar-lidar technique
LWP in combination with independent microwave radiometers retrieval is presented (left
plot). On the right plot the histogram of the difference in retrieved LWP is shown. This
example demonstrates the good correlation between two techniques retrievals. The bias and
standard deviation of the mutual error have values, which are compatible with the precision
of microwave radiometer'sretrievals.
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Figure 3-2An example of daily time series of LWP, retrieved using microwave radiometer data and radar-lidar technique,
and the histogram of their differences

3.1.1.1 References

Krasnov, O.A. and H. W. J. Russchenberg, 2005: A synergetic radar-lidar technique for the
LWC retrieval in water clouds: Description and application to the Cloudnet data. The 32nd
Conference on Radar Meteorology (Albuquerque, NM)

Frisch, A. S., G. Feingold, C. W. Fairall, T. Uttal, and J. B. Snider, 1998: On cloud radar and
microwave radiometer measurements of stratus cloud liquid water profiles. J. Geophys. Res.,
103 (D18), 23 195- 23 197.
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4 Ice Cloud Algorithms

Ice cloud physical properties (i.e. effective radius, IWC) are a subject of considerable
uncertainty with respect to atmospheric forecast and climate models. Considerable effort has
occurred within CloudNet to develop new approaches for ice cloud remote sensing and to
apply and evaluate new and existing methodologies. Ice cloud algorithms devel oped or
employed during CloudNet are listed below in Table 4-1, more detail may be found in
Appendix C: CloudNet Ice cloud Algorithms. As the case with water clouds, it should be
noted that only non-precipitating cases are considered. Precipitation reaching the ground
adversely affects the radar and microwave radiometer observations.

Procedure Input Outputs Remarks
Level 2a/2b Ice -T,P profiles IWC IWC=F(Z,T)
Water Content -Radar Reflectivity Empirical
(radar/temperature |- Level 1ctarget Relationship based on
method) classification Aircraft in-situ data
CAPRO-OT (Cloud |-T,P profiles Layer optical UV or Visible lidar require
Aerosol Properties— | -Lidar backscatter | thickness Also will work for
Optical Thickness) “thin” water clouds.
Radar-only (RadOn) | -T,P profiles -IWC Radar only method for
method -Radar Reflectivity| -Res Both IWC and ice cloud
-Radar Vd -Optical extinction. | extinction.
- Level 1ctarget
classification
KNMI Lidar-radar |-T,P Profiles -IWC Can only be used where
algorithm -Lidar backscatter | -Res Both lidar and radar
-Radar backscatter | -Optical extinction | Data are present.
- Level 1ctarget
classification
IPSL Lidar-radar -T,P Profiles -IWC Similar to above but
algorithm -Lidar backscatter | -Rey differsin some details.
-Radar backscatter | -Optical extinction
- Level 1ctarget
classification
Level 3lceWater |Level 2a/2b IWC (model and Each model
Content Evaluation |IWC data observed) statistics on has its own associated

Statistics

Various model grids

data set.

Table 4-1CloudNet ice cloud algorithms/procedures

4.1 Ice cloud Algorithm Evaluation activities.

4.1.1 Comparison of ice water content retrievals.

Ice water content (IWC) is one of the most fundamental parameters held in models,
which requires validation from observations. We can consider four competing
algorithms for retrieving IWC.



i. IWCisderived from reflectivity, Z, done. Thisis believed to have errors of afactor
of two, or so, because Z depends upon a much higher moment of the size distribution
than does IWC, and ice particle size spectra are variable, asistheice density asa
function of size.

ii.  Animproved value of IWC can be obtained by using Z and temperature, T.
Essentially T contains size information; on the average cloud particles are smaller at
colder temperatures. Once the size is known then IWC can be better estimated from
Z. (see Section 9.1in Appendix C).

lii. ~ The RADON method (see Section 0 in Appendix C) in which the size information is
gleaned from the Doppler velocity and thus should yield a more accurate IWC than
from Z aone.

iv.  We believe the most reliable the size information can be obtained from the ratio of
the radar backscatter to the lidar backscatter, because these two parameters depend
upon very different moments of the size distribution (See Sections 9.4 and 9.5in
Appendix C). The lidar signal is attenuated, but the radar can be used to correct the
lidar signal for attenuation. Once the size is known then the IWC can be derived from
the value of Z.

We believe the radar/lidar technique is the most reliable (on the order of 25% error) so thisis
plotted along the x-axis in Figure 4-1 with methods i) and iii) on the y-axis for the two
rightmost panels. Figure 4-1 indicates that for the Z-T and Radon methods over 60% of the
points agree within a factor of 1.5-2 of the radar/lidar values, indicating that the accuracy of
the Z-T Cloudnet IWC product is likely on the order of 50% (one sigma level) though it
must be borne in mind that the uncertainty in model IWC is generally much greater than this.
Figure 4-1also indicates that the Radon method is better correlated with the lidar-radar results
for IWC < 2x10° gm™ however it may be biased too high for larger IWC values.

In light of the uncertainty associated with the IWC retrievals, in WP4 most stressislaid upon
the Z-T IWC retrievals. One particular aspect that needs to be addressed further isthat our
‘best” method relies on both lidar and radar returns being available, in other word it cannot be
applied to the thickest ice clouds because they will extinguish the lidar signal completely.

1.0000 T T T 1.0000 T T T 1.0000 T T T
Chilbolton: Apr 2003 — Sep 2004 All Chilbolton: Apr 2003 — Sep 2004 Chilbolton: Apr 2003 — Sep 2004
5
— 0.1000¢ € 0.1000f 3 — 0.1000¢
] ]
£ = £
[} - [}
2 A 2
’F 0.0100¢ L 0.0100f ’F 0.0100¢
[ < [
] 2 ]
<]
g e g
= 0.0010F & 0.0010F = 0.0010F
2
0.0001 . 1 . 0.0001 . 1 . 0.0001 . 1 .
0.0001 0.0010 0.0100 0.1000 1.0000 0.0001 0.0010 0.0100 0.1000 1.0000 0.0001 0.0010 0.0100 0.1000 1.0000
IWC (RadOn IPSL) [g m™] IWC (Lidar—Radar) [g m™?] IWC (Lidar—Radar) [g m™?]

Figure 4-1 (Left) IWC from the Radon method vs. the IWC estimated from the Z-T method. (Middle) IWC from the
Radon procedure compared to IWC estimated from the KNMI lidar-radar procedure. (Right) The corresponding
comparison for the Z-T method. For all panels the contour enclose 10%, 30% 60% and 90% of the observations
respectively.




4.1.2 Comparison of ice cloud extinction retrievals

The optical extinction of ice clouds is another important parameter that has been the subject
of CloudNet algorithm development. Two similar lidar+radar algorithms have been

employed (one developed by KNMI, the other by IPSL), since these algorithms use lidar data

they are believed to be accurate techniques with regards to the remote sensing of cloud
optical extinction. However, such techniques can only when both lidar and radar datais
present. That is, the radar reflectivity must be above a certain limit and (more relevant here)
the lidar signal must not have been blocked by optically thick lower cloud. Accordingly,
radar only methods which are able to estimate cloud optical depth though less accurate than
those using lidar data have the advantage of being more widely applicable.

A comparison between ice cloud optical extinction derived from the Radon, KNMI lidar-
radar and the IPSL lidar+radar techniques is shown below in Figure 4-2. Here it can be seen
that the KNMI extinctions are, on average, some 20% higher than the IPSL values. The
difference for this remains unclear but may be due to differences in accounting for Multiple-
scattering effects. It can also be seen that though a considerable amount of scatter is present
in the relationship between Radon values and the lidar+radar data (the width of the 30%
contour is about afactor of 3) that the biasis on the 10% level. Thisindicates that the Radar
only extinction product is not accurate enough for specific point cases but sufficiently
accurate to be useful for long-time series data analysis and comparisons.
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Figure 4-2. (Left) camperison between ice doud extinction values given by the IPSL and K\NM lider redar procedure and
(midde andrighnt) camperisons between the RADON extinction and the KNM and IP9_vaues. The contaur intervas areasin
Figure 4-1

Work was aso carried out to quantify the absolute errors in the lidar extinction values
derived using the IR lidars present at Cabauw and Chilbolton compared to what may be
achieved if more powerful lidars operating in the Ultra-Violet or Visible wavelengths were
available. Thiswork is detailed in Appendix E: Accuracy of lidar Extinction measurements
of Ice clouds (Comparing various Lidar/Radar inversion strategies using Raman Lidar data.)
and has indicated that errorsin extinction values may be reduced significantly if the lidar is
able to detect molecular backscatter to use as areference in the inversion procedure.
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5 In cloud Turbulence

Only one procedure for this parameter was developed and employed during Cloudnet. 1t
is described in Appendix D.

6 Conclusion

The algorithms and procedures devel oped and/or employed over the course of the project
have succeeded in enabling the project to develop a unique very useful data set useful for:

e Atmospheric model evaluation.
e Cloud property parameterization development.
o Satellite cloud property retrieval data product evaluation.

The ability to employ arange of algorithms with various degrees of sophistication and
applicability has allowed us to test the consistency of our data and to quantify our expected
errors and biases. Thisis an important point since some of the most accurate techniques (i.e.
lidar+radar for ice clouds) can only be applied in alimited range of circumstances. Since the
development of retrieval algorithms remains a dynamic evolving field it is considered
important to maintain various diverse approaches even for the same parameter.

Some areas where the present suite of procedures (and instruments) should be further
improved are:

e Thelidar ceilometers used in CloudNet were useful however they are not useful for
aerosol sensing, were limited in their ability to quantitatively sense high cirrus clouds.
Ideally a cloud sensing site should employ lidars capable of detecting the backscatter
from the molecular background atmosphere.



e The ability to estimate cloud variables in conditions of precipitation would be an
important step forward since this would eliminate a potential source of significant
bias when comparing to atmospheric models. However, much technical development
(i.e. Cloud radars operating a wavelengths not attenuated by moderate levels of
precipitation) would have to be carries out.

e Further work in order to improve the accuracy of IWC and ice cloud extinction
measurements should be carries out. Estimates of these properties by various means
have converged with further development but more work is need in this area.



7 Appendix A: The CloudNet classification and cloud
macroscopic procedures.

7.1 Level 1c Instrument Synergy / Target Categorization

7.1.1 Summary

This product facilitates the application of multi-sensor algorithms by performing much of the
required pre-processing. It includes radar, lidar, microwave radiometer, rain gauge and model
data with regridding, correction for attenuation, reporting of measurement errors, data quality
flags and categorization of targets.

7.1.1.1 Inputs

Calibrated cloud radar data (reflectivity, Doppler velocity)
Lidar backscatter profile

Microwave radiometer liquid water path

Rain rate

Forecast model temperature, pressure, humidity and wind speed

7.1.1.2 Outputs

Cloud radar data corrected for gas and liquid attenuation

Regridded lidar backscatter coefficient, liquid water path and rain rate

Estimates of the random and systematic errors in the observational data

Model temperature, pressure, humidity, wind speed interpolated to the radar time grid
A target categorization bit-field to indicate the presence of liquid droplets, drizzle/rain,
ice particles, melting particles, aerosols and insects in each pixel

e A dataquality bit-field to indicate the quality of the data at each pixel, including the
presence of radar ground clutter, whether the lidar echo is due to clear-air molecular
scattering, and whether the radar has been attenuated by liquid water cloud or rain

7.1.2 Theoretical Description

This dataset is an aggregation of datafrom cloud radar, lidar, a numerical forecast model and
optionally arain gauge and microwave radiometer. It isintended to facilitate the application
of synergistic cloud-retrieval algorithms by performing a number of the pre-processing tasks
that are common to these algorithms. Each of the observational datasets has been interpolated
on to the same grid, although the model data are provided on areduced height grid. Radar
reflectivity has been corrected for attenuation, where possible, and two additional fields have
been added: "category bits" contains a categorization of the targets in each pixel and
"quality_bits" indicates the quality of the data at each pixel. Finally, estimates of the random
and systematic errorsin reflectivity factor and attenuated backscatter are provided. Further
details may be found in the references below.

7.1.2.1 Applicability and limitations

The algorithm is designed to be applied to all CloudNet and ARM datasets. Although there
are clearly limitations in when subsequent algorithms may be applied, the data quality flags
are designed to clearly indicate when thisis the case. For example, rain at the ground



prevents most algorithms being applied due to unknown attenuation, but thisis clearly
indicated within the dataset.
7.1.3 Example

An example of the regridded observations from Chilbolton on 17 November 2003 is shown
below:
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Figure 7-1regridded observations from Chilbolton on 17 November 2003
The attenuation of the radar beam by atmospheric gas and liquid water is used to correct the
reported radar reflectivity, but the attenuation fields themselves are also reported, and are



shown below. The gap in the liquid attenuation is due to the presence of rain at the ground
which prevents an accurate figure for attenuation from being calculated.
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Figure 7-2: attenuation of the radar beam by atmospheric gas and liquid water corresponding to the data shown in Figure
7-1regridded observations from Chilbolton on 17 November 2003
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The categorization and data quality bit-fields are not ssmple to display, but in the Level 2
Classification dataset, which is derived from this one, categorization and data quality
information is presented in asimpler form suitable for display.

7.1.4 References

A detailed description of how the agorithm works may be found in:

Hogan, R. J., and E. J. O'Connor, 2004: Facilitating cloud radar and lidar algorithms: the
CloudNet Instrument Synergy/Target Categorization product. CloudNet documentation,
Available at:

thttp://www.met.rdg.ac.uk/radar/cloudnet/data/products/categorize.html

Level 2a Target Classification and Cloud Boundaries

7.1.5 Summary

This product contains asimplified target classification that is easy to use for those who don’t
want to decode the bit-field information contained in the Instrument Synergy / Target
Categorization dataset.

7.1.5.1 Inputs
e Leve 1c Instrument Synergy / Target Categorization dataset

7.1.5.2 Outputs

e Simplified target classification consisting of 11 target types for each pixel
o Simplified data quality flag consisting of 10 classes for each pixel


http://www.met.rdg.ac.uk/~swrhgnrj/publications/categorization.html
http://www.met.rdg.ac.uk/radar/cloudnet/data/products/categorize.html

7.1.6 Theoretical Description

The algorithm merely simplified information in the Instrument Synergy / Target
Categorization dataset. “Classification” information is provided in the form of the following
classes:
: Clear sky
: Cloud liquid droplets only
: Drizzle or rain
: Drizzle or rain coexisting with cloud liquid droplets
. lce particles
- lce coexisting with supercooled liquid droplets
: Melting ice particles
: Melting ice particles coexisting with cloud liquid droplets
8: Aerosol particles, no cloud or precipitation
9: Insects, no cloud or precipitation
10: Aerosol coexisting with insects, no cloud or precipitation
Likewise, the data quality information is provided in the following classes:
0: Clear sky
1: Lidar echo only
2: Radar echo but reflectivity may be unreliable as attenuation by rain, melting ice
or liquid cloud has not been corrected
3: Good radar and lidar echoes
4: No radar echo but rain or liquid cloud beneath mean that attenuation that would
be experienced is unknown
5: Good radar echo only
6: No radar echo but known attenuation
7: Radar echo corrected for liquid cloud attenuation using microwave radiometer
data
8: Radar ground clutter
9: Lidar clear-air molecular scattering

NOoO O~ WNEO

7.1.6.1 Applicability and limitations

The algorithm is designed to be applied to all CloudNet and ARM datasets, so it should be
clear from the information provided when data are unreliable. It should be noted that the
diagnosis of mixed-phase cloud is not possible when the lidar beam has been extinguished by
alower-level liquid water cloud.



7.1.7 Example
An example of the classification from Chilbolton on 17 November 2003 is shown below:
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Figure 7-3 Example of the classification from Chilbolton on 17 November 2003.

7.1.8 References
The product web siteis at:

thttp://www.met.rdg.ac.uk/radar/cloudnet/data/products/cl assification.html

7.2 Level 2b Cloud Fraction

7.2.1 Summary

This dataset consists of cloud fraction calculated on the grids of each of the different forecast
models.

7.2.1.1 Inputs

e Level 1c Instrument Synergy / Target Categorization dataset
e Forecast model data over the same site for the same period

7.2.1.2 Outputs

e Cloud fraction calculated from the observations on the model grid, using a number of
different averaging methods

e Cloud fraction from the filtered in a number of different ways to account for the various
sampling problems with the observations

7.2.2 Theoretical Description

This dataset contains cloud fraction both from a forecast model and derived from the high-
resolution observations on the grid of that model. There are a number of different cloud
fraction variables. In the case of the observations, cloud fraction has been calculated "by
volume" (i.e. the volume of agridbox containing cloud) and "by area’ (i.e. the area of the
gridbox when viewed from above that is obscured by cloud). See Brooks et al. (2005) for
further details. It has also been calculated both from the time taken for the wind to advect 1


http://www.met.rdg.ac.uk/radar/cloudnet/data/products/classification.html

model grid-box of cloud across the site, and using a constant 1-hour sample window. In the
case of the model, the "model _Cv" variable contains cloud fraction taken directly from the
model, while "model_Cv_filtered" contains cloud fraction after filtering to remove tenuous
ice clouds that are not believed to be likely to be detected by the radar. Generally the
observed values should be compared to "model_Cv_filtered”, with "model_Cv_filtered min"
and "model_Cv_filtered max" providing an estimate of the range of uncertainty in the
filtering procedure. Note that the problem of some ice cloud not being detected is limited to
above around 8 km. The filtering has been performed as discussed in Hogan et a. (2001), but
accounting for sub-grid variability as described by Hogan and Illingworth (2003).

7.2.2.1 Applicability and limitations

Thereis considerable uncertainty in the filtering procedure for high ice clouds, so if alarge
amount of cloud has to be removed from the model to account for the poor sensitivity of the
radar at this altitude then it islikely that little can be said about the accuracy of the model
cloud fraction at this height.

Extinction of the beam by heavy rain can result in an underestimate of the cloud fraction
above these events, so these events are removed in subsequent analysis.



7.2.3 Example

An example of the derived cloud fraction by four different methods, from Chilbolton on 15
November 2003, is shown below:
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Figure 7-4 Example of the derived cloud fraction by four different methods, from Chilbolton on 15 November 2003.



7.2.4 References

Brooks, M. E., R. J. Hogan and A. J. lllingworth, 2005: Parameterizing the differencein
cloud fraction defined by area and volume as observed with radar and lidar. J. Atmos. i,
62, 2248-2260.

Hogan, R. J,, C. Jakob and A. J. lllingworth, 2001: Comparison of ECMWF winter-season
cloud fraction with radar-derived values. J. Appl. Meteoroal., 40, 513-525

Hogan, R. J., and A. J. Illingworth, 2003: Parameterizing ice cloud inhomogeneity and the
overlap of inhomogeneities using cloud radar data. J. Atmos. <ci., 60, 756-767.

Each model grid that cloud fraction is calculated on has a separate web page; see for example
the page for the ECMWF model:

http://www.met.rdg.ac.uk/radar/cloudnet/data/products/cl oud-fraction-ecmwf-grid.html

7.3 Level 3 Cloud Fraction Evaluation Statistics

7.3.1 Summary

This product consists of evaluation statistics for the cloud fraction of the each of the various
forecast models, including means, PDFs and skill scores. Each model has its own evaluation
dataset. Both monthly and yearly files are provided.

7.3.1.1 Inputs

e Leve 2b Cloud Fraction dataset, containing the cloud fraction from a specific model
and the same from the observations calculated on the grid of that model

7.3.1.2 Outputs

e Mean cloud fraction versus height from the model and the observations

e Cloud fraction split into frequency of occurrence and amount when present, from both
model and observations

e Probability density functions (PDFs) of modelled and observed cloud fraction in severa
height ranges

e The skill scores “Equitable Threat Score” and “Yule’s Q” (closely related to the Odds
Ratio), evaluating the skill of the model versus height and cloud fraction threshold.

7.3.2 Theoretical Description

The four classes of statistics are calculated as follows

e Mean cloud fraction versus height is calculated simply for the whole month or year for
the periods when there good data from both the model and observations (i.e. excluding
moderate and high rain events that might strongly attenuated the radar return). Several
different model means are provided, both with and without exclusion of high tenuous
cloud that would not be detectable by the radar. In the ECMWF comparison, an extra
field is provided that includes snow in the mean cloud fraction (see Hogan et al. 2001
for further details).

e A useful way of decomposing the mean cloud fraction is by considering the frequency
that cloud fraction exceeds a certain fraction, and the mean amount when present when


http://www.met.rdg.ac.uk/radar/cloudnet/data/products/cloud-fraction-ecmwf-grid.html

it does. These two variables are provided for the model and the observations for a
number of cloud fraction thresholds between 0.05 and 0.95.

e Probability distribution functions of cloud fraction are computed in nine cloud fraction
bins (0-0.1, 0.1-0.2 etc.) and four height ranges (0-3 km, 3-7 km, 7-12 km and 12-18
km). The model PDFs are provided with and without filtering for undetectable cloud.

e The quantities discussed so far evaluate the climatology of the model, but pay no
attention to whether clouds were predicted in the right place at the time. To assess this
we compute the skill scores “Equitable Threat Score” and “Yule’s Q”, versus height.
Both have the property that a perfect forecast scores 1 and arandom forecast scores O,
and unlike many skill scores are relatively insensitive to the frequency of occurrence of
the property being assessed. The skill scores are computed from a contingency table for
anumber of cloud fraction thresholds. The elements of the contingency table are also
provided in the output datafile, allowing alternative skill scores to be subsequently
calculated.

7.3.2.1 Applicability and limitations

There is considerable uncertainty in the filtering procedure for high ice clouds, so if alarge
amount of cloud has to be removed from the model to account for the poor sensitivity of the
radar at this altitude then it is likely that little can be said about the accuracy of the model
cloud fraction at this height.

Extinction of the beam by rain can result in an underestimate of the cloud fraction above
these events. When the radar used operates at 94 GHz, periods with an observed rain rate
above 2 mm/hr are not used in the comparison. For 35 GHz the threshold is 8 mm/hr.

7.3.3 Example

An example of the cloud fraction statistics for the ECMWF model over Chilbolton in 2003 is
shown in Figure 7-5 (below)






