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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 developed 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. Ice 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 is 
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 Input Outputs Remarks 
Level 1c  
Instrument  
Synergy /  
Target 
 Categorization 

-Radar Ze 
-Radar Vd 
-Radiometer LWP

 

-Rain Gauge 
-Model Fields 

Classification  
and data quality  
flags 

Primary CloudNet 
classification product 

Level 2a Target 
Classification and  
Cloud Boundaries 

-Level 1c data  
(above) 

As above but 
Simplified  
information 

Based on level 
1-c procedure 

Level 2b Cloud  
Fraction 

-Level 2a and 1c  
data (above) 

Cloud fraction  
(observed and from 
various models) on  
specific model grids  

Each  model has its 
own associated data set.  

Level 3 Cloud  
Fraction Evaluation 
Statistics 

-Level 2b data   Cloud fraction  
statistics on specific 
model grids 

Specifically for model 
Evaluation. Each model 
has its own associated  
data set.  

CAPRO-CP (Cloud 
Aerosol Properties 

 

Cloud Phase) 

-Lidar  
Depolarization  
ratio 

Cloud phase 
(ice or liquid)  

Requires depolarization 
lidar  Supplementary 
CloudNet product 

STRAT (STRucture 

 

of the ATmosphere)

 

-Lidar backscatter Cloud, aerosol  or 
Clear-sky flag 

Lidar only classification 
scheme. Requires lidar 
operating in visible.  
or ultraviolet (Supplementary 
CloudNet product.) 

Table 2-1: CloudNet target classification algorithm/procedures.   



3 Water Cloud Algorithms 
The retrieval of water content has been the focus of most algorithms directed towards 
quantitative water cloud property retrievals. These algorithms 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 all times for 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 Input Outputs Remarks 
Improved liquid  
water path combining 
radiometers and lidar 
observations.  

-Microwave  
brightness  
temperatures. 
-Level 1c target 
Classification 
-T,P profiles 

Liquid water path 
(LWP) 

Improved LWP  
Particularly at low LWP 
Values. 

Level 2a. Drizzle 
parameters 

-Microwave LWP 
measurements  
-Radar Ze 
-Radar Vd 
-Lidar Cloud base 
-Level 1c target 
classification 

Various drizzle  
parameters, including

 

particle effective size 

 

and mass flux  

Level 2a Liquid 
Water content  
(scaled adiabatic  
method) 

-Lidar cloud base 
-Radar cloud top 
-LWP 
-Level 1c target 
classification 
-T,P profiles 

Liquid water content 
(LWC) profile 

Multiple water layers 
are not treated. 

Level 2b Liquid 
Water content  
(scaled adiabatic  
method) 

As above As above, but binned 

 

to specific model  
grids 

Each model 
has its own associated  
data set. 

Leve3: Liquid Water 
Content Evaluation 
Statistics  

As above LWC/LWP statistics 

 

(both modelled and  
observed) particular 
to different models. 

Each model 
has its own associated  
data set. 

Radar-Lidar 
technique for  
LWC retrieval in 
 water clouds 

-Lidar backscatter 
-Radar reflectivity

 

-Level 1c target 
classification 
-T,P profiles 

LWC and refined 
drizzle detection/ 
classification in water

 

clouds 

Does not use microwave 
LWP estimates. 

Table 3-1: CloudNet 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 difficulties in use of the 
quantitative radar data for water clouds microphysical retrievals. One of this technique's main 
advantages is 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 al.,1996, Löhnert 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's retrievals.  



 

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   

3.1.1.1 References  
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microwave radiometer measurements of stratus cloud liquid water profiles. J. Geophys. Res., 
103 (D18), 23 195- 23 197.  

Löhnert, U., S. Crewell, C. Simmer and A. Macke, 2001: Profiling cloud liquid water by 
combining active and passive microwave measurements with cloud model statistics, J. 
Atmos. Oceanic Technol., 12, pp. 1354-1366. 



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 developed 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.   

Table 4-1: CloudNet 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.    

Procedure Input Outputs Remarks 
Level 2a/2b Ice 
Water Content 
(radar/temperature 
method) 

-T,P profiles 
-Radar Reflectivity

 

- Level 1c target 
classification  

IWC IWC=F(Z,T) 
Empirical  
Relationship based on 
Aircraft in-situ data 

CAPRO-OT (Cloud 
Aerosol Properties 

 

Optical Thickness) 

-T,P profiles 
-Lidar backscatter 

Layer optical 
thickness 

UV or Visible lidar required.
Also will work for 
`thin water clouds. 

Radar-only (RadOn) 
method 

-T,P profiles 
-Radar Reflectivity

 

-Radar Vd 
- Level 1c target 
classification 

-IWC 
-Reff 

-Optical extinction. 

Radar only method for  
Both IWC and ice cloud 
extinction.   

KNMI Lidar-radar 
algorithm 

-T,P Profiles 
-Lidar backscatter 
-Radar backscatter

 

- Level 1c target 
classification 

-IWC 
-Reff 

-Optical extinction 

Can only be used where 
Both lidar and radar 
Data are present.  

IPSL Lidar-radar 
algorithm 

-T,P Profiles 
-Lidar backscatter 
-Radar backscatter

 

- Level 1c target 
classification 

-IWC 
-Reff 

-Optical extinction 

Similar to above but 
differs in some details. 

Level 3 Ice Water 
Content Evaluation 
Statistics 

Level 2a/2b 
IWC data 

IWC (model and 
observed) statistics on
Various model grids 

Each model 
has its own associated  
data set. 



i. IWC is derived from reflectivity, Z, alone. This is believed to have errors of a factor 
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, as is the ice density as a 
function of size. 

ii. An improved 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 9.1 in Appendix C).  

iii. 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 alone. 

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 9.5 in 
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 this is 
plotted along the x-axis in Figure 4-1 with methods ii) 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 < 2x10-3 gm-3 however it may be biased too high for larger IWC values.  
In light of the uncertainty associated with the IWC retrievals, in WP4 most stress is laid upon 
the Z-T IWC retrievals.  One particular aspect that needs to be addressed further is that 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.  
.  

     

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 data is 
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 a factor of 3) that the bias is on the 10% level. This indicates 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.  

.  

   

Figure 4-2. (Left) comparison between ice cloud extinction values given by the IPSL and KNMI lidar radar procedure and 
(middle and right) comparisons between the RADON extinction and the KNMI and IPSL values. The contour intervals are as in 
Figure 4-1.  

Work was also 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. This work 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 errors in extinction values may be reduced significantly if the lidar is 
able to detect molecular backscatter to use as a reference in the inversion procedure.  
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5 In cloud Turbulence  

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

6 Conclusion 
The algorithms and procedures developed 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:   

 

Atmospheric model evaluation. 

 

Cloud property parameterization development. 

 

Satellite cloud property retrieval data product evaluation.  

The ability to employ a range 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. This is an important point since some of the most accurate techniques (i.e. 
lidar+radar for ice clouds) can only be applied in a limited 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: 

 

The lidar 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.   



 
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. 

 
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 

 

A data quality 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 data from cloud radar, lidar, a numerical forecast model and 
optionally a rain gauge and microwave radiometer. It is intended 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 a reduced 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 errors in 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 this is the case. For example, rain at the ground 



prevents most algorithms being applied due to unknown attenuation, but this is clearly 
indicated within the dataset. 

7.1.3 Example 

An example of the regridded observations from Chilbolton on 17 November 2003 is shown 
below: 

 

Figure 7-1: regridded 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. 

 

Figure 7-2: attenuation of the radar beam by atmospheric gas and liquid water corresponding to the data shown in Figure 
7-1: regridded observations from Chilbolton on 17 November 2003  

The categorization and data quality bit-fields are not simple to display, but in the Level 2 
Classification dataset, which is derived from this one, categorization and data quality 
information is presented in a simpler form suitable for display. 

7.1.4  References 

A detailed description of how the algorithm 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: 
http://www.met.rdg.ac.uk/~swrhgnrj/publications/categorization.html

  

The product web site is at: 
http://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 a simplified 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 

 

Level 1c Instrument Synergy / Target Categorization dataset 

7.1.5.2 Outputs 

 

Simplified target classification consisting of 11 target types for each pixel 

 

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: 

0: Clear sky  
1: Cloud liquid droplets only  
2: Drizzle or rain  
3: Drizzle or rain coexisting with cloud liquid droplets  
4: Ice particles  
5: Ice coexisting with supercooled liquid droplets  
6: Melting ice particles  
7: 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 

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 
a lower-level liquid water cloud.                



7.1.7 Example 

An example of the classification from Chilbolton on 17 November 2003 is shown below: 

 

Figure 7-3: Example of the classification from Chilbolton on 17 November 2003. 

7.1.8 References 

The product web site is at: 
http://www.met.rdg.ac.uk/radar/cloudnet/data/products/classification.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 

 

Level 1c Instrument Synergy / Target Categorization dataset 

 

Forecast model data over the same site for the same period 

7.2.1.2 Outputs 

 

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

 

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 a gridbox 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 al. (2001), but 
accounting for sub-grid variability as described by Hogan and Illingworth (2003). 

7.2.2.1 Applicability and limitations 
There is considerable uncertainty in the filtering procedure for high ice clouds, so if a large 
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 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: 

 

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. Illingworth, 2005: Parameterizing the difference in 
cloud fraction defined by area and volume as observed with radar and lidar. J. Atmos. Sci., 
62, 2248-2260.   

Hogan, R. J., C. Jakob and A. J. Illingworth, 2001: Comparison of ECMWF winter-season 
cloud fraction with radar-derived values. J. Appl. Meteorol., 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. Sci., 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/cloud-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 

 

Level 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 

 

Mean cloud fraction versus height from the model and the observations 

 

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

 

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

 

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 

 

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). 

 

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. 

 
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.  

 
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 a random forecast scores 0, 
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 
a number of cloud fraction thresholds. The elements of the contingency table are also 
provided in the output data file, 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 a large 
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) 



 

Figure 7-5: Cloud fraction statistics for the ECMWF model over Chilbolton in 2003 
A detailed description of how such figures should be interpreted is given at 
www.met.rdg.ac.uk/radar/cloudnet/data/interpretation_cloud-fraction-model-grid-stats.html

  

7.3.4 References 

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

Each model that is evaluated has a separate web page; see for example the page for the 
ECMWF model: 
http://www.met.rdg.ac.uk/radar/cloudnet/data/products/cloud-fraction-ecmwf-grid-stats.html

 

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


  
7.4 STRAT 

7.4.1 Summary 

STRAT (STRucture of the ATmosphere) is designed to retrieve the vertical distribution of 
cloud and aerosol layers in the boundary layer and through the free troposphere, to identify 
particle-free regions of the vertical profile and the range at which the lidar signal becomes 
too attenuated for exploitation 

7.4.1.1 Inputs 

 

Noise-corrected and range-corrected lidar backscattered power profile (Pr2) 

 

Pressure and temperature profiles from radiosondes or models 

7.4.1.2 Outputs 

 

Target classification flag 

7.4.2 Theoretical Description 

Today several lidar networks around the world provide large data sets that are extremely 
valuable for aerosol and cloud research. Retrieval of atmospheric constituent properties from 
lidar profiles requires detailed analysis of spatial and temporal variations of the signal. 
STRAT (STRucture of the ATmosphere) is designed to retrieve the vertical distribution of 
cloud and aerosol layers in the boundary layer and through the free troposphere, to identify 
particle-free regions of the vertical profile and the range at which the lidar signal becomes 
too attenuated for exploitation, from either single or multi-wavelength lidar systems.  

A simple signal-to-noise ratio threshold allows us to determine where the signal is too noisy 
to extract information from the lidar measurement. The identification algorithm for molecular 
backscattering is based on seeking the slope of the signal that best represents the slope of the 
molecular backscattering profile estimated from pressure and temperature profiles. The 
Continuous Wavelet Transform (CWT) is used to detect singularities in the lidar signal as the 
base, the top and the peak backscatter of individual particle layers. Particle layers are 
separated into cloud and aerosol layers based on the analysis of the peak PR2 to base PR2 

ratio of each detected object. The CWT is also used to define the transition between the 
boundary layer and the free troposphere and hence to estimate the boundary layer height. 
Finally the molecular, particle, boundary layer and noise retrievals are confronted to ensure 
that they are consist.  

7.4.2.1  Applicability and limitations 
The STRAT algorithm is designed to run on single channel lidar systems, but can be applied 
on all wavelengths of a multiple channel system. STRAT has been tested on a 355 nm 
RAMAN lidar, a 532/1064 nm Rayleigh Mie lidar, and a 830 nm DIAL lidar. The cloud-
aerosol separation is very sensitive to the wavelength of the system; hence new thresholds 
must be derived for each system based on a series of observations containing both cloud and 
aerosol layers.  



7.4.3 Example 

Figure 7-6 shows an example of the STRAT algorithm performance  

 

Figure 7-6: Top panel: 8 hour time series of the vertical distribution of 532-nm linear polarization backscattered power 
(log(PR2)). Bottom panel: corresponding flag produced by the STRAT algorithm. Grey=noise; blue=molecular or near 
particle-free layers; green=boundary layer; amber=aerosol layers in the free troposphere; red=cloud layers in the free 
troposphere 

7.4.4 References 

Morille, Y. , M. Haeffelin , P. Drobinski and J. Pelon: STRAT : an algorithm to 
retrieve the STRucture of the ATmosphere from single channel lidar data . Submitted 
to JAOT, under revision.  



 
7.5 CAPRO-CP 

7.5.1 Summary 

CAPRO-CP (Cloud Aerosol Properties  Cloud Phase) allows us to derive the cloud 
thermodynamical phase (liquid water vs ice) from lidar linear and cross polarization data. 

7.5.1.1 Inputs 

 

PR2 range corrected lidar backscattered power (parallel and cross polarized) 

 

STRAT flag: classification of the atmosphere in terms of cloud/aerosol layers, 
molecular layers, noise. 

 

Temperature profile from radiosondes or models 

7.5.1.2 Outputs 

 

Cloud thermodynamical phase 

7.5.2 Theoretical Description 

Typically for lidars equipped to monitor the state of polarization of the backscattered light, 
the emitted beam of laser light is linearly polarized in a specific plane. The linear 

depolarization ratio 

I

I||  is then defined as the ratio of backscattered light intensities in the 
planes perpendicular ( I ) and parallel ( I|| ) to the plane of emission. The depolarization ratio 
is then calibrated by identifying for each observation session a low-level, cloud-free region 
and normalizing this region to the standard molecular depolarization ratio of 1.4% (Young 
1980). When the normalization is impossible (signal-to-noise ratio too low; perpendicular 
signal not available, etc), the data is not taken into account for the present analysis.  
We analyzed the distribution of depolarization ratio d and temperature for clouds above 
SIRTA. Two major groups appear to be clearly distinct: the first group located at low 
depolarization ratios (d < 0.1) is linked to relatively warm temperatures (approximately -
30°C to 20°C). The second group appears primarily located at colder temperatures (-70°C to 
-30°C) and spreads out to higher depolarization ratios (d ~ 0.2-0.65). A significant number of 
depolarization ratios between d=0.2 and d=0.4 are still observed for temperatures between -
10°C and 0°C, a temperature range for which ice crystals should be only found in extremely 
low concentrations. These observations make obvious that depolarization ratio observations 
alone are not a foolproof indicator of cloud phase, and stress the need for additional 
constraints on the phase detection. 
According to Pruppacher (1997), when considering homogeneous ice nucleation, all water is 
in liquid form for temperatures above 0°C, while all liquid water transitions to ice when 
temperatures fall below -42°C. In real clouds ice crystals formation often occurs through 
heterogeneous nucleation (Khain et al, 2000), thus generally at warmer temperatures, so 0°C 
and -42°C can be considered as limits for presence of mixed-phase clouds: clouds warmer 
than 0°C will be classified as liquid water, while clouds colder than -42°C will be classified 
as ice. In the phase transition region (-42°C to 0°C), particle phase dependence to 
temperature depends on many external factors (such as the presence and concentration of 
aerosols, etc), so the depolarization ratio is used. To smooth the transition between liquid and 
ice clouds as temperatures drop, a mixed-phase region is defined. The maximum 
depolarization ratio that can be produced by water clouds depends on many parameters and 



has still yet to be accurately defined (Sassen, 1991), however considering that lidar signal 
quickly gets attenuated in such clouds, a maximum d~0.2 can be assumed (Sun and Li 1989). 
It can in turn be assumed that higher depolarization ratios show the presence of ice in the 
probed cloud. Liquid clouds will then transition to mixed-phase when reaching the linear 
frontier defined by d ~ 0.20 at 0°C and d = 0 at -42°C. Mixed-phase clouds will then 
transition to full ice when reaching the linear frontier defined by d = 80% (the highest 
depolarization ratio observed in the current dataset) at 0°C (the warmest temperature below 
which ice formation is possible) and d = 0 at -42°C, where clouds are supposed to be fully 
made of ice. When considering these constraints, for the same depolarization ratio the ice-to-
liquid water (ILW) ratio, defined as the ratio of cloud volume containing ice crystals on the 
volume containing liquid droplets, increases with decreasing temperatures; and for the same 
temperature the ILW ratio increases with depolarization ratio. The frequency of liquid-only 
clouds then decreases as temperatures fall from 0°C to -42°C, while ice-only clouds become 
more and more frequent, to finally include all clouds at -42°C. Following these principles, 
the distribution of ILW ratio is shown in Fig. 4 as a function of depolarization ratio and 
temperature. Liquid water clouds appear in black, ice clouds in white and mixed-phase 
clouds in shades of grey. The importance of ice clouds gradually increases from T=0°C to 
T=-42°C, where all clouds are considered ice.  

7.5.2.1  Applicability and limitations 
A possible problem arises when considering the possibility of particles smaller than the lidar 
wavelength. On such small scales, light scattering is dominated by diffraction, which does 
not modify the light state of polarization. Thus extremely small ice crystals could possibly 
produce low depolarization that would wrongly identify them as liquid clouds. However, in-
situ observations in cirrus clouds only show particles larger than 2 microns (Auer and Veal, 
1970 ; Heymsfield, 2003), so this problem should only affect a minority of clouds, if at all. 
Other in-situ observations (Heymsfield et al, 2003) show that particle size tends to decrease 
with decreasing temperatures, so very small particles should only be found at cold 
temperatures and the present phase retrieval algorithm would classify them as ice based on 
temperature alone. Recent observations suggest that unusual particles of mean diameters 
sometimes as small as 1 micron can be found in thin and ultra thin tropical cirrus (Garrett et 
al, 2003). However, such clouds are associated with convection processes typical of tropical 
latitudes (Santacesaria et al, 2003) and rarely witnessed at midlatitudes. Moreover, due to 
their formation mechanism such clouds are located close to the tropopause at temperatures 
below -60ºC (Garrett et al, 2004), so even if they produce low depolarization the present 
phase retrieval algorithm will classify them as ice based on their cold temperature. 

7.5.3 Example 

Figure 7-7 shows the distribution of temperature and depolarization ratio for water clouds, 
ice clouds and mixed-phase clouds based on an analysis of the SIRTA lidar dataset. 



  

Figure 7-7 Distribution of points identified as (a) water, (b) mixed-phase and (c) ice clouds 
by the phase retrieval algorithm, as a function of temperature (top panel) and 
depolarization ratios (bottom panel).  

Figure 7-8 shows an example of CAPRO-CP algorithm performance 



   

Figure 7-8 Top panel: time series of the vertical profile of 532-nm lidar depolarization ratio. 
Bottom panel: equivalent ice to liquid water ratio (0%=water, 100%=ice, in between is 

mixed-phase). 

7.5.4 References 

Noel, V., H. Chepfer, M. Haeffelin, Y. Morille: Cloud Phase retrieval in midlatitude clouds 
from three years of lidar observations over the SIRTA observatory . Submitted to Annales 
Geophysicae, under revision.      



8 Appendix B: CloudNet Water cloud Algorithms 

8.1 Improved liquid water path combining radiometers and 
lidar observations. 

8.1.1 Summary 

Improved estimates of LWP using combined radiometer and lidar observations.  

8.1.1.1 Inputs 

 

Radiometer Brightness Temperature 

 

Level 1c Instrument Synergy / Target Categorization dataset  

8.1.1.2 Outputs 

 

Improved LWP values 

 

Calibration Coefficients  

8.1.2 Theoretical Description 

Liquid water path (LWP) has been inferred for many years from brightness temperature 
at 22.2 GHz and 28.8 GHz by considering a bilinear regression where coefficients of 
the regression are determined by performing a statistical analysis of a training data set. 
But the variability of the atmosphere is not represented by such technique and large 
errors can occur in instantaneous retrievals leading on occasion to negative values of 
LWP and positive values when clouds are absent. A simple correction method is to use 
the ceilometer to determine when liquid clouds are absent, and subtract the apparent 
value of LWP before and after cloudy periods from the LWP determined during cloudy 
periods.   
We have developed a new technique, based on an optimisation approach, whereby we 
adjust a calibration error so that LWP is zero during periods when no liquid water 
clouds are observed, and during cloudy periods any changes in the calibration error are 
derived by interpolation.   We add two unknown calibration errors C22 and C28 (due to 
instrument drift and uncertainties in the k coefficient) to the two optical depths 
determined from the observed brightness temperatures:     

During cloud free periods LWP is zero, so we can eliminate VWP and obtain an 
equation linking C22 and C28.   We then minimise the cost function for C22 and C28 and 
derive the calibration errors to be used during cloudy periods.    

The particular advantage of the scheme is that it is very tolerant of drifts in apparent 
brightness temperatures measured by the radiometer.     

This new technique has implications for the specification of radiometers used for 
inferring LWP.  For accurate LWP current techniques require that Tb be measured to 
0.5K.  This entails frequent calibration using standard sources, and tip curve 
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calibrations whereby the radiometer is scanned in elevation radiometer and adjustments 
made so the inferred LWP is consistent. In addition complicated temperature control of 
all elements is necessary.  Once the required accuracy is relaxed to 5K the whole 
procedure and design is considerably relaxed.  

8.1.2.1 Applicability and limitations 
The accuracy of the method degrades with increasing periods of completely overcast 
conditions. 

8.1.3 Example 

Figure 8-1 shows the performance of the scheme in reducing the negative values of 
LWP to zero during cloud free periods.  

 

Figure 8-1: Performance of the new method in removing negative LWP in cloud free periods.  

8.1.4 References 

See the CloudNet product page http://www.met.rdg.ac.uk/radar/cloudnet/data/products/ 

    

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


 
8.2 Level 2a Drizzle Parameters (radar/lidar method)  

8.2.1 Summary 

Drizzle parameters such as drizzle flux, water content, number concentration and mean 
particle size, derived from combined radar and lidar beneath cloud base.  

8.2.1.1 Inputs 

 

Level 1c Instrument Synergy / Target Categorization dataset 

8.2.1.2 Outputs 

 

Drizzle median diameter on the radar time/height grid 

 

Drizzle number concentration 

 

Drizzle drop size distribution shape parameter 

 

Drizzle water content 

 

Drizzle water flux 

 

Drizzle droplet fall velocity 

 

Vertical air velocity 

 

Lidar ratio 

 

An estimate of the random and possible systematic error in particle size and water 
content  

8.2.2 Theoretical Description 

It is shown by O Connor et al. (2005) that drizzle parameters may be estimated from the 
combination of radar reflectivity, Doppler velocity, Doppler spectral width and lidar 
backscatter. The ratio of radar reflectivity to lidar backscatter is a function of the fourth 
power of the particle size and inclusion of the Doppler spectral width allows the estimation 
of the drop size distribution. Once the drop size distribution is known, further parameters 
such as the water content, flux and droplet velocity can be derived. Inclusion of the Doppler 
velocity then allows the vertical air velocity to be derived. 

8.2.2.1 Applicability and limitations 
The retrieval is only applicable below cloud base, and is not reliable in rain or in cloud where 
the attenuation of the radar or the lidar cannot be estimated accurately. 

8.2.3 Example 

An example of the derived drizzle parameters from Chilbolton on 5 July 2003 is shown in 
Figure 8-2: 



 

Figure 8-2: derived drizzle parameters from Chilbolton on 5 July 2003. 

8.2.4 References 

O'Connor, E. J., R. J. Hogan and A. J. Illingworth, 2005: Retrieving stratocumulus drizzle 
parameters using Doppler radar and lidar. J. Appl. Meteorol., 44(1), 14-27.  
http://www.met.rdg.ac.uk/swr99ejo/publications/drizzle_retrievals.pdf    
The product web site is at: 
http://www.met.rdg.ac.uk/radar/cloudnet/data/products/drizzle.html

 

http://www.met.rdg.ac.uk/swr99ejo/publications/drizzle_retrievals.pdf
http://www.met.rdg.ac.uk/radar/cloudnet/data/products/drizzle.html


8.3 Level 2a/2b Liquid Water Content (scaled adiabatic 
method) 

8.3.1 Summary 

Liquid water content derived from radar and lidar cloud boundaries scaled by using the liquid 
water path from the dual-wavelength microwave radiometer measurements. The level 2a 
dataset consists of liquid water content on the original high-resolution grid of the cloud radar, 
while the level 2b datasets consist of liquid water content averaged on to the grids of each of 
the different models to be evaluated. 

8.3.1.1 Inputs 

 

Level 1c Instrument Synergy / Target Categorization dataset 

8.3.1.2 Outputs 

 

Liquid water content on the radar time/height grid 

 

An estimate of the random and possible systematic error in liquid water content  

 

Theoretical adiabatic liquid water content on the radar time/height grid 

 

A retrieval status flag indicating the reliability of the retrieved value at each pixel 

8.3.2 Theoretical Description 

This dataset contains liquid water content calculated by using radar and lidar to identify the 
liquid cloud base and top in each profile, using the model temperature and pressure to 
calculate the adiabatic liquid water content in each cloud layer, and then using dual-
wavelength microwave radiometers to scale the liquid water content values to yield the 
correct liquid water path. This is applied to layers where the target is believed to be 
composed of liquid (including supercooled) cloud droplets, as indicated by the target 
categorization bit-field. 
While this simple partitioning with height is somewhat uncertain, liquid water clouds are 
frequently thin, occupying only a few vertical model levels, so this dataset is adequate for 
testing liquid water content in models. Also available for comparison is the adiabatic liquid 
water content (i.e. unscaled by the microwave radiometer liquid water path).  

8.3.2.1 Applicability and limitations 
The retrieval is not reliable above rain when cloud boundaries are ambiguous and the liquid 
water path cannot be estimated accurately; this is indicated in the retrieval status flag. The 
retrieval may also be limited in multiple layer situations if the layers are not distinct or 
cannot be separated with confidence, e.g. because the lidar has been attenuated by the first 
cloud layer and further multiple cloud base detection is then dependent on the radar only. 
Since the radar is more sensitive to precipitation than cloud droplets, cloud base may be not 
be distinct in cases where precipitation is falling from a higher layer into the next layer 
below. 



8.3.3 Example 

An example of the derived liquid water content, its error and retrieval status flag, from 
Chilbolton on 10 October 2003 is shown below: 

  

Figure 8-3: Liquid water content, its error and retrieval status flag, from Chilbolton on 10 October 2003. 

8.3.4 References 

The product web site is at: 
http://www.met.rdg.ac.uk/radar/cloudnet/data/products/lwc-adiabatic-method.html

 

http://www.met.rdg.ac.uk/radar/cloudnet/data/products/lwc-adiabatic-method.html


 
8.4 Level 3 Liquid Water Content Evaluation Statistics 

8.4.1 Summary 

This product consists of evaluation statistics for the liquid water content 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. 

8.4.1.1 Inputs 

 

Level 2b Liquid Water Content dataset, containing the liquid water content from a 
specific model and the same from the observations calculated on the grid of that model 

8.4.1.2 Outputs 

 

Mean liquid water content versus height from the model and the observations 

 

Liquid water content split into frequency of occurrence and amount when present, from 
both model and observations 

 

Probability density functions (PDFs) of modelled and observed liquid water content in 
several height ranges 

 

PDFs of modelled and observed liquid water path  

 

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 liquid water content 
threshold. 

8.4.2 Theoretical Description 

The four classes of statistics are calculated in a very similar way to the Level 3 Cloud 
Fraction Evaluation Statistics. 

8.4.2.1 Applicability and limitations 
Extinction of the beam by rain results in an uncertain estimate of liquid water path from the 
microwave radiometer and thus the liquid water content above these events, so no periods in 
which any rain was observed are included in the comparison. Since the liquid water product 
requires data from the microwave radiometer, any periods where this instrument is not 
functioning are not included in the comparison. 

8.4.3 Example 

An example of the liquid water content statistics for the Met Office Global model over 
Chilbolton in 2004 is shown in Figure 8-4: 



 

Figure 8-4:  Liquid water content statistics for the Met Office Global model over Chilbolton in 2004 

8.4.4 References 

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

Each model that is evaluated has a separate web page; see for example the page for the 
ECMWF model: 
http://www.met.rdg.ac.uk/radar/cloudnet/data/products/lwc-adiabatic-ecmwf-grid-stats.html

 

http://www.met.rdg.ac.uk/radar/cloudnet/data/products/lwc-adiabatic-ecmwf-grid-stats.html


 
8.5 Radar-Lidar technique for the LWC retrieval in water 

clouds 

8.5.1  Summary 

A synergetic radar-lidar technique developed to retrieve the liquid water content (LWC) 
profiles in water clouds. It overcomes the difficulties arising from the large droplet issue , 
which imposes a large uncertainty in the relationship between the radar reflectivity factor and 
the liquid water content for low level water clouds.  

8.5.1.1 Inputs 

 

Calibrated radar profiles 

 

Optical extinction profiles, derived from lidar backscattering profiles 

 

Supplementary data - atmospheric target categorization map, temperature profiles. 

8.5.1.2 Outputs 

 

Liquid water contents profiles 

 

Integral liquid water path 

 

The water clouds categorization map, representing the presence of light and heavy 
drizzle formations in clouds. 

8.5.2  Theoretical Description 

The retrieval of LWC in low level water clouds from radar reflectivity profiles only is 
impractical as it is strongly affected by the large droplet issue , which imposes a large 
uncertainty in the relationship between the radar reflectivity factor and the liquid water 
content. The proposed technique [Krasnov and Russchenberg, 2005] uses the ratio between 
simultaneously measured radar reflectivity and lidar s optical extinction for the detection of 
the presence of big drops with sizes greater than 50 micrometers in diameter (so called 
drizzle particles) in water clouds and the classification water cloud cells into three classes 

 

the cloud without drizzle , the cloud with light drizzle and the cloud with heavy drizzle . 
Different relationships between the radar reflectivity and liquid water content then can be 
applied for different types of cloud cells to retrieve actual liquid water content. The existence 
and stability of initial relationships for such technique were studied and demonstrated using 
in-situ measured with aircrafts water cloud microphysics data for a few field campaigns 
(CLARE'98, DYCOMS-II, CAMEX-3, BBC-1) that took place in different geographical 
regions, inside different cloud types, and under different meteorological conditions. For 
upper regions of water clouds usually there are no lidar data as the signals are completely 
attenuated by water droplets during the in-cloud propagation. In such cases the possibility to 
use the radar reflectivity alone for the cloud type categorization was demonstrated. The 
initially appropriate threshold values of the radar reflectivity for this categorization were 
statistically estimated from in-situ microphysical data and improved using whole CloudNet 
database.  

The comparison of the radar-lidar technique retrievals with integrated liquid water 
contents from microwave radiometer shows good correlation and reasonable agreement for 
situations when both algorithms are applicable. For the cases without precipitation, when 
microwave radiometer s liquid water path is less then 400 g/m2, the statistical difference 



between radiometer s and proposed technique s integral water content is of the order of 50 
g/m2. 

8.5.2.1  Applicability and limitations 
The provided radar-lidar technique is applicable only for water clouds. As result, the correct 
implementation of the radar-lidar technique for LWC retrieval requires the use of 
atmospheric water mask, which includes only pixels on radar profiles where small liquid 

droplets or falling liquid hydrometeors are presented. As such map the CloudNet atmospheric 
target categorization product was used in combination with "temperature above 0  C" 
criterion. Such mask application produces the LWC map, which is bounded from above by 
zero isotherm. For cases with the presence of supercooled water it will result in 
underestimation of integral LWP and produce additional discrepancy between proposed 
technique and microwave radiometer s LWP. 

8.5.3  Example 

As an example, in  Figure 8-5 and Figure 8-6 the daily output of the radar-lidar technique for 
the LWC retrieval in water clouds is presented. It includes the liquid water categorization 
map, which represents atmospheric liquid water objects and is based on the radar to lidar 
ratio for regions with known optical extinction or only on the radar signals for the regions 
where lidar signal was completely attenuated. This liquid water categorization map was used 
for the selection of Z-LWC relationship, applicable for given category of cloud cell, and, as 
result, for the conversion of radar reflectivity into LWC profiles. The integration of resulting 
LWC over vertical profile gives liquid water path, which can be compared with independent 
measurements from microwave radiometer. The retrieval results and its comparison with 
independent microwave radiometer data represented on figure below as time series.  



  

Figure 8-5: liquid water categorization for June 19, 2003, at Chilbolton, derived from radar-lidar ratio 

 

Figure 8-6: Map of LWC, retrieved from radar reflectivity using the synergetic radar-lidar technique 
(upper plot), and the integral LWP, in comparison with LWP, measured by microwave radiometer 
(lower plot).  

8.5.4  References 

Krasnov, O.A. and Russchenberg, H. W. J., 2005: A synergetic radar-lidar technique for the 
LWC retrieval in water clouds: Description and application to the CloudNet data. 32nd AMS 
Conference on Radar Meteorology, 24-29 October 2005, Albuquerque, USA, 13 pp.  
(available on-line: http://ams.confex.com/ams/pdfpapers/96496.pdf)
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9 Appendix C: CloudNet Ice cloud Algorithms 

9.1 Level 2a/2b Ice Water Content (radar/temperature method)  

9.1.1 Summary 

Ice water content derived from radar reflectivity factor and temperature using an empirical 
formula derived using aircraft data. The level 2a dataset consists of ice water content on the 
original high-resolution grid as the cloud radar, while the level 2b datasets consist of ice 
water content averaged on to the grids of each of the different models to be evaluated.  

9.1.1.1 Inputs 

 

Level 1c Instrument Synergy / Target Categorization dataset 

9.1.1.2 Outputs 

 

Ice water content on the radar time/height grid 

 

An estimate of the random and possible systematic error in ice water content  

 

An estimate of the sensitivity of the radar in terms of minimum detectable ice 
water content versus height 

 

A retrieval status flag indicating the reliability of the retrieved value at each pixel  

9.1.1.3 Theoretical Description 
It has been shown by Hogan et al. (2005) that ice water content may be estimated from radar 
reflectivity and temperature using relationships such as the following for 94 GHz:   

log10(IWC[g m-3]) = 0.00058Z[dBZ]T[degC] + 0.0923Z[dBZ] - 0.00706T[degC] - 0.992  

This product is simply the application of this formula (or a similar one for 35 GHz) to the 
radar reflectivities provided in the Instrument Synergy / Target Categorization dataset, which 
have been corrected for gas and liquid attenuation. The formula is only applied when the 
target is believed to be composed of ice, as indicated by the target categorization bit-field.  

9.1.1.4 Applicability and limitations  

The retrieval is not reliable above rain or melting ice when attenuation cannot be estimated 
accurately; this is indicated in the retrieval status flag. In using this product for model 
evaluation one should be aware of the decrease of sensitivity with height. 

9.1.2 Example 

An example of the derived ice water content, its error and retrieval status flag, from 
Chilbolton on 15 November 2003 is shown in Figure 9-1. 



 

Figure 9-1: Derived ice water content, its error and retrieval status flag, from Chilbolton on 15 
November 2003 

9.1.3 References 

Hogan, R. J., M. P. Mittermaier and A. J. Illingworth, 2005: The retrieval of ice water 
content from radar reflectivity factor and temperature and its use in the evaluation of a 
mesoscale model. Q. J. R. Meteorol. Soc., in press. 
http://www.met.rdg.ac.uk/clouds/publications/Z_T_retrievals.pdf

 

   

The product web site is at: 
http://www.met.rdg.ac.uk/radar/cloudnet/data/products/iwc-Z-T-method.html

  

http://www.met.rdg.ac.uk/clouds/publications/Z_T_retrievals.pdf
http://www.met.rdg.ac.uk/radar/cloudnet/data/products/iwc-Z-T-method.html


 
9.2  CAPRO-OT 

9.2.1 Summery 

CAPRO-OT (Cloud Aerosol Properties  Optical Thickness) allows us to extract cloud or 
aerosol layer optical thickness from lidar data. 

9.2.1.1 Inputs 

 

PR2 range corrected lidar backscattered power 

 

STRAT flag: classification of the atmosphere in terms of cloud/aerosol layers, 
molecular layers, noise. 

 

pressure and temperature profiles from radiosondes or models 

9.2.1.2 Outputs 

 

Optical thickness of individual cloud and/or aerosol layers and total optical thickness of 
particle layers in the free troposphere. 

9.2.2 Theoretical Description 

Cloud optical depth c  is retrieved independently using (1) the molecular backscattering 

profile below and above the cloud (molecular integration method, MI) and (2) the 
backscattering profile inside the cloud with an a priori effective lidar ratio (particle 
integration method, PI). 
The first retrieval method, molecular integration (MI), evaluates the power attenuation 
between the observed lidar return above the cloud top and the theoretical molecular lidar 
return in the absence of cloud. This is the usual technique applied for estimating the optical 
thickness from elastic lidar signals. The first step in determining c  by using this technique is 

to normalize the lidar signal on the molecular signal in a particle-free region just below the 
cloud base. The last step before evaluating the optical depth is to find another particle-free 
region above the cloud top on which to evaluate the attenuation between the lidar and the 
molecular signal. 
The second optical depth retrieval method, particular integration (PI), also uses the Rayleigh
Mie lidar signal. It is based on the following relation: 
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with c(z) particle volume backscattering coefficient and (z) the backscattering coefficient.  

As shown in Figure 9-2, the lidar signal is fitted with a polynomial of order 3 (long-dashed 
curve). The ratio of the lidar signal to the polynomial fit gives the backscattering ratio, R(z). 



 

Figure 9-2: Vertical lidar profile. The solid black line corresponds to the lidar signal, the 
short dashed line to the simulated molecular signal and the long dashed line to the 

polynomial fit of the lidar signal  

Knowing ( )m z  and ( )R z , c  can be calculated. 
When the MI method is reliable, the combined MI/PI method allows us to retrieve an optimal 
effective lidar ratio. We compare these results to Raman lidar retrievals. The derived optimal 
effective lidar ratio is then used to retrieve the optical depth with the PI method for situations 
where the MI method cannot be applied. 

9.2.2.1  Applicability and limitations 
The main advantage of the MI method is that it does not require any microphysical 
hypotheses about cirrus clouds. However, this method depends strongly on the quality of the 
particle-free normalization zone below the cloud base. If this zone does not exist, the optical 
depth cannot be retrieved by the MI method. For small optical depth the retrieval is sensitive 
to the position and size of the normalization window. For thick cirrus cloud, the signal-to-
noise ratio can be low above the cloud top; the retrieval becomes sensitive to the position and 
the size of the particle-free window above the cloud top.  

The PI method is less sensitive to the signal-to-noise ratio than the MI method. As the PI 
method does not need to be normalized in a particle-free region, it is more easily automated. 
Several authors have used this method to process large data sets. However, this method 
requires the use of an a priori effective lidar ratio. The effective lidar ratio depends strongly 
on the cloud s microphysics.        



9.2.3 Example 

Figure 9-3shows an example of CAPRO-OT algorithm performance 

 

Figure 9-3: (Top) 2D plot of backscattering ratio determined from backscatter lidar 
measurements as a function of time and altitude, 26 January 2000 OPAR case. (Bottom) 
Optical depth as a function of time. MI Method (dash line), PI method for effective lidar 

ratios of 5, 18.2 and 50 sr (diamond, triangle and square marked lines respectively).   

9.2.4  References 

Cadet B., V. Giraud, M. Haeffelin, P. Keckhut, A. Rechou, S. Baldy, Improved retrievals of 
cirrus cloud optical properties using a combination of lidar methods, Applied Optics,  44, 
2005.  

9.3 RadOn (Radar-Only Algorithm) 

9.3.1 Summary 

This algorithm is a radar-only (RadOn) method for retrieval of the dynamical (vertical air 
velocity), and microphysical / radiative (terminal fall velocity, ice water content, visible 
extinction, effective radius, optical depth) properties of ice clouds. It makes use of the radar 
reflectivity and Doppler velocity of a vertically-pointing radar at either 3, 35 or 95 GHz.  

9.3.1.1 Inputs 

 

Radar reflectivity (assumed unattenuated by ice clouds) 

 

Doppler velocity 



 
All input parameters have to be obtained from vertically pointing and calibrated 
instruments. 

9.3.1.2 Outputs 

 
Vertical profiles, at the radar vertical and temporal resolution (60 m and 30 s for 
CloudNet) : 

 

Terminal fall velocity of the ice crystals 

 

Ice water content 

 

Effective radius 

 

Visible extinction 

 

Microphysical / layer-mean properties : 

 

Cloud base 

 

Cloud top 

 

Ice water path 

 

Visible optical depth. 

9.3.2 Theoretical Description 

The radar-lidar combination, which is the most accurate way to access the ice cloud 
properties and their vertical variability, can however not be used to access the cloud 
properties of thick clouds, characterized by optical depths greater than 3 (the lidar signal 
becomes too attenuated) or very thin cirrus clouds (the cloud radars do not detect all of 
them). The RadOn (Radar-Only) method has been developed to complement for the thickest 
clouds the cloud exploration by the radar-lidar combination (Delanoë et al. 2005b). This 
method makes use of the radar reflectivity and Doppler velocity as inputs, as well as of the 
properties of the normalized particle size distribution (PSD), which is characterized by its 
shape, its intercept parameter N0*, and its mean volume-weighted diameter Dm. A detailed 
study of the shape of the normalized PSD has shown that it was very stable and could be 
modelled accurately using a normalized gamma (Delanoë et al, 2005a).  
The first step of the method consists in extracting the terminal fall velocity of the ice crystals 
from Doppler velocity and radar reflectivity (Protat et al. 2003). The underlying hypothesis is 
that when averaging over a long time span (one to several hours) the Doppler velocity, which 
is the sum of the vertical air velocity and the terminal fall velocity of the ice crystals, the 
vertical air velocity vanishes with respect to the terminal fall speed (hypothesis validated in 
Protat et al. 2003). To do so a statistical power-law relationship between terminal fall 
velocity and radar reflectivity (VT=aZb) is derived for the whole cloud, but is allowed to 
change from one cloud to another. The radar reflectivity profiles are then translated into 
terminal fall velocity using the VT-Z relationship. The second step of RadOn is to derive the 
most representative density-diameter and area-diameter relationships from the VT-Z 
relationship. This is a very important step, as it is known that the retrieval of the 
microphysical and radiative properties is very sensitive to this assumption. In the third step, 
the mean volume-weighted diameter of the normalized PSD is computed from the density-
diameter, area-diameter, and the terminal fall velocity, and the intercept parameter N0* is 
finally computed directly from Dm and the radar reflectivity (including Mie effect).  At this 
stage, all the characteristics of the normalized PSD are retrieved, and therefore the ice water 
content, visible extinction, and effective radius can be computed. 



9.3.2.1 Applicability and limitations 
This method is designed for the processing of calibrated and very accurately vertically-
pointing (to within 0.1 to 0.2°) radars at 3, 35 or 95 GHz. This method is limited by the radar 
sensitivity, which does not allow accessing the cloud properties of very thin clouds. This 
effect has been studied in the frame of the present EU project from model outputs, showing a 
significant effect only for clouds above 10 km height (cirrus clouds at our latitudes). It is 
noteworthy that the same limitation applies to the radar-lidar algorithms. 

9.3.3  Example 

This method has been applied to the two years of radar data collected during the CloudNet 
project over three European sites. Illustrations of the method can be found on the CloudNet 
Quicklooks Web page for a variety of situations. 

9.3.4  References 

Delanoë, J., A. Protat, J. Testud, D. Bouniol, A. Heymsfield, A. Bansemer, P. Brown and R. 
Forbes, 2005a: Statistical properties of the normalized ice particle size distribution. J. Appl. 
Meteor., accepted June 2005.   

Delanoë, J., A. Protat, J. Testud, D. Bouniol, A. Heymsfield, A. Bansemer, and P. Brown, 
2005b: RadOn, the retrieval of ice cloud properties from cloud radar reflectivity and Doppler 
velocity. J. Appl. Meteor., in preparation.  

Protat, A., Y. Lemaître, and D. Bouniol, 2003 : Terminal fall velocity and the FASTEX 
cyclones. Quarterly Journal of the Royal Meteorological Society, 129, 1513-1535.  

9.4 KNMI Lidar-radar algorithm 

9.4.1  Summery 

Ice cloud parameters such as extinction, ice water content and effective radius, derived by 
combining radar and lidar.  

9.4.1.1 Inputs 

 

Lidar attenuated backscatter  

 

Radar reflectivity 

 

Meteorological conditions (Temperature and Pressure) 

 

Ice crystal habit and Particle size distribution   

9.4.1.2 Outputs 

 

Extinction  

 

Effective radius (Reff) and effective radius prime (R eff) 

 

Ice water content (IWC) and Ice water content prime (IWC ) 

9.4.2  Theoretical Description 

The cloud microphysical properties used with this algorithm are being derived using both 
lidar and radar signals. The procedure used to calculate the properties has been extensively 
described in Donovan & van Lammeren (2001).  In this section a short summary of the 



procedure is given.  The lidar/radar algorithm used in this work is based on an inversion 
procedure where the lidar extinction coefficient ( ) is calculated using a Klett-Type solution 
procedure with an appropriate boundary value.  As the extinction can be directly related to 
the single scattering power at the lidar wavelength, it is important to correctly calculate the 
fraction of the observed signal due to multiple scattering. The effect of multiple scattering on 
the lidar return is approximately accounted for by the analytical model of Eloranta (1998). 
This approach gives good results, compared to full Monte Carlo calculations, for small lidar 
opening angles. 
In the retrieval the vertical profiles of the lidar derived extinction and radar reflectivity (Ze) 
are combined to derive particle sizes. The effective radius Reff is not directly estimated, but 
first a lidar/radar effective radius (R eff). This R'eff is then used to estimate the true Reff. 
The effective radius and lidar/radar effective radius for a distribution of non spherical ice 
particles can be are defined as: 

Where the first equation is used to link the two different effective radii definitions.  The 
braces denote the averaging over the particle sizes, D denotes the maximum dimension of the 
particle, M denotes the particle mass, Ac the cross-sectional area, s,i the density of solid ice 
and  the extinction. The fraction <M2(D)>/<M(D)> depends on the precise particle size 
distribution and ice crystal habit. As Ze is determined by the squared mass distribution and 
the extinction by the total extinction and the radar reflectivity: 
where  is the extinction at the lidar wavelength and Ze the radar reflectivity.  This is valid at 
least in the regime where the particle sizes are in the Rayleigh regime at the radar frequency 
and are optical scatterers at the lidar wavelength.  To conclude, Reff is defined by the 
observations only.  No assumption needs to be made concerning the particle size distribution 
and ice crystal habit as these are not derived quantities. However, the conversion to the true 
effective radii (Reff) depend on assumptions made about the true ice-crystal habit and the 
size distribution characteristics; in particular, the degree of multi-modality is important 
(Donovan, 2003).  

9.4.2.1 Situations when the algorithm can not be used.  
Both the lidar and signals are needed for retrieving microphysical properties.  
When a water-cloud below an ice-cloud no retrieval will be possible of the ice-cloud due to 
extinction of the lidar signal. Also for ice cloud with a larger optical thickness then roughly 
three the lidar signal will be absorbed. 
During day-light the scattering of solar-light gives a lower signal-noise ratio resulting in 
lower number of clouds which can be retrieved. 
(Sub) visible cirrus is in a lot of cases not seen by the radar due to small particles inside these 
clouds. 
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9.4.3 Example March 11th 2002 

 

Figure 9-4: Radar and lidar observation status (top), retrieved R'eff (middle) and IWC (assuming complex polycrystal ice 
habit; bottom) for March 11th 2002, observed at Cabauw. Note that there are only rertrievals when both good radar and lidar 
data are available.   

An example application of the algorithm is presented in Figure 9-4. Here retrieved ice water 
content (assuming an  ice crystal habit of complex polycrystals) and R eff  are shown. The top 
figure shows the status of lidar and radar observations, where green shows the cases where 
both lidar and radar data is available, blue where only radar-reflectivity s are observed and 
yellow only lidar. The bottom two figures show the retrievals where both radar and lidar are 
given.  All three limitations discussed earlier are visible at this day. Just around 06:00 Hrs. 
there is a small water-cloud shielding part of ice cloud above (where the grey starts). The 
shielding within the ice-cloud can be best seen between 21.30 and 24.00.  The second issue 
can be seen in the thin ice clouds between 12.00 and 17.00 which are not observed by the 
lidar, while similar clouds are seen before 3.00. The latter are examples of clouds which have 
too small particles for detection by the radar. 

9.4.4  References 

Donovan, D. P. (2003), Ice-cloud effective particle size parameterization based on combined 
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examples, J. Geophys. Res., 106,27,425-27,448.  

Donovan, D. P., and A. C. A. P. van Lammeren (2002), First ice cloud effective particle size 
parameterization based on combined lidar and radar data, Geophys. Res. Lett., 29(1), 1006, 
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Eloranta, E. W. (1998), Practical model for the calculation of multiply scattered lidar returns, 
Appl. Opt., 37, 2464-2472.  

van Zadelhoff, G.-J., D. P. Donovan, H. Klein Baltink, and R. Boers, Comparing ice cloud 
microphysical properties using CloudNet and Atmospheric Radiation Measurements Program 
data., J. Geophys. Res., 109, 24,214-24,229, doi:10.1029/2004JD004967, 2004.   

9.5 IPSL radar-lidar algorithm 

9.5.1 Summery 

This algorithm makes use the complementarily of radar and lidar measurements in ice clouds 
in order to derive microphysical parameters (such as ice water content or particle 
distribution), radiative parameter (effective radius) or optical parameter (such as extinction) 
in the common sampling region. 

9.5.1.1 Inputs 

 

Radar reflectivity (assumed unattenuated within ice clouds) 

 

Apparent lidar backscatter coefficient 

 

All input parameters have to be obtained from vertically pointing and calibrated 
instruments. 

9.5.1.2 Outputs 

 

Microphysical parameter : ice water content, N0* (which is a normalisation parameter 
of the particle size distribution as expressed by Testud et al. 2001) that can be used to 
reconstruct the particle distribution following Delanoë et al. 2005. 

 

Radiative parameter : effective radius 

 

Optical parameter : lidar extinction that can be used to compute the cloud optical depth 
by integration along the path. 

All output parameters are obtained in the common radar-lidar sampling region. 

9.5.2  Theoretical Description 

The principle of the radar/lidar algorithm developed at IPSL is completely described in Tinel 
et al,. 2005 for airborne configuration and the performance of the algorithm in its original 
version (no inclusion of correction of lidar multiple scattering) are given in Hogan et al. 2005 
for a space configuration. 
In the framework of the CloudNet project a new version of the algorithm has been developed 
devoted to ground based measurements of vertically pointing radar and lidar. This algorithm 
lies on the hypothesis that the radar reflectivity (Z) and lidar extinction ( ) can be related to 
each other and then related to microphysical parameter such as ice water content (IWC) and 
radiative parameter, such as effective radius (Re) using statistical relationships derived from 
in-situ measurements. However if one tries to derive a statistical relationship between for 
instance Z and IWC a large scatter is observed which makes hard a statistical relationship to 
be derived with accuracy. 
In order to reduce the scatter, it is rather looked for relationships between Z/N0*,  /N0* and 
IWC/N0*(see Delanoë et al. 2005 for details), where N0* is a normalisation parameter of the 
particle size distribution (see Testud et al. 2001 for computation of this parameter) and in this 



case the particle size distribution can be rewritten as N(D)=N0* F(D/Dm) where F is the 
shape function and Dm the median volumetric diameter.  
In fact radar and lidar are not measuring Z and   respectively but the apparent reflectivity Za 
and the backscatter coefficient a (where we have a = k    with k the phase function), 
which correspond for both instruments to attenuated measurements. In order to simplify the 
problem, it is assumed that the radar signal is not attenuated within clouds, which can be 
translated as Z=Za. 
The first step of the algorithm is to link both measurements (assuming a first profile of N0*). 
This is done by using an integral constraint. This integral constraint allows determining  at 
the highest common measurement point. By using the Klett algorithm the complete profile is 
deduced. At this stage the major improvement introduced during the CloudNet project was to 
correct of lidar multiple scattering by using the Eloranta code. The lidar profile is then 
corrected of this instrumental effect and thus a new N0* profile is computed and re-
introduced in the algorithm through an iterative process. Iteration is stopped once the 

 

profile has converged and the statistical relationships are then used to derive the 
microphysical and radiative parameters. 

9.5.2.1  Applicability and limitations 
No along path attenuation of both radar and lidar should be caused by low level water clouds, 
that in some cases the can completely attenuate the lidar signal. 
The ice cloud must be sampled by the two instruments, which means that the cloud must be 
thick enough to be sampled by the radar signal. 
An assumption has to be made on particle habits since the statistical relationships are 
established for a given particle type. 

9.5.3  Example 

This section show an illustration of the application of the radar-lidar algorithm developed at 
IPSL applied to radar and lidar data collected at the Chilbolton observatory on the 25 January 
2004 where a front arrives on the observatory. Figure 1 shows the input data of the 
algorithm: .radar reflectivity in dBZ and apparent lidar backscatter in m-1 sr-1.  

Figure 9-6 shows the output of the algorithm in the common sampling region, with (a) is the 
IWC in g m-3, (b) Re in µm, (c) N0* in m-4. The instrumental parameters which are the lidar 
backscatter corrected of the lidar extinction and this extinction are shown respectively in Fig. 
2 (d) in m-1 steradian-1 and (e) a in m-1. For this retrieval the ice particles are assumed to be 
spherical aggregates following the definition of Loccately and Hobbs (1978).         



Figure 9-5: (top) Radar reflectivity at 94GHz and (bottom) apparent lidar backscatter coefficient measure at the Chilbolton 
observatory (UK) on the 25 January 2005. On theses figures the blue crosses show the common sampling region of the 
radar and lidar corresponding to the region where the algorithm can be applied    



 

Figure 9-6: the algorithm obtained from the input data shown in Figure 9-5   
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9.6 Level 3 Ice Water Content Evaluation Statistics 

9.6.1 Summary 

This product consists of evaluation statistics for the ice water content 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. 

9.6.1.1 Inputs 

 

Level 2b Ice Water Content dataset, containing the ice water content from a 
specific model and the same from the observations calculated on the grid of that 
model 

9.6.1.2 Outputs 

 

Mean ice water content versus height from the model and the observations 

 

Ice water content split into frequency of occurrence and amount when present, 
from both model and observations 

 

Probability density functions (PDFs) of modelled and observed ice water 
content in several height ranges 

 

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 ice water 
content threshold. 

9.6.2 Theoretical Description 

The four classes of statistics are calculated in a very similar way to the Level 3 Cloud 
Fraction Evaluation Statistics. 

9.6.3 Applicability and limitations 

There is considerable uncertainty in the filtering procedure for high ice clouds, so if a large 
amount of cloud has to be removed from the model to account for the poor sensitivity of the 
radar at this altitude then less can be said about the accuracy of the model ice water content at 
this height. 
Extinction of the beam by rain results in an underestimate of ice water content above these 
events, so no periods in which any rain was observed are included in the comparison.  

9.6.4 Example 

An example of the ice water content statistics for the ECMWF model over Chilbolton in 
2003 is shown below: 



 

Figure 9-7: Example of the ice water content statistics for the ECMWF model over Chilbolton in 2003 
A detailed description of how such figures should be interpreted is given at 
www.met.rdg.ac.uk/radar/cloudnet/data/products/interpretation_iwc-Z-T-model-grid-
stats.html
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Each model that is evaluated has a separate web page; see for example the page for the 
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10 Appendix D: Cloud Turbulence Algorithm 

10.1 Level 2a Turbulent Kinetic Energy Dissipation Rate 

10.1.1 Summary 

Turbulent kinetic energy dissipation rate derived from the standard deviation of the 1-s radar 
Doppler velocities measured every 30 s.  

10.1.1.1 Inputs 

 

Level 1c Instrument Synergy / Target Categorization dataset 

10.1.1.2 Outputs 

 

Turbulent kinetic energy dissipation rate 

 

Error estimate for turbulent kinetic energy dissipation rate 

10.1.2 Theoretical Description 

The Chilbolton and Palaiseau cloud radars measure the standard deviation of the 1-s radar 
Doppler velocity every 30 s. With suitable assumption about the power-law behaviour of the 
turbulent energy cascade in the inertial subrange, and the mean wind at the height of each 
radar sample, it is possible to use this to estimate the turbulent dissipation rate on the 30-s 
grid. Further information may be found in the conference paper by Bouniol et al. (2003). 

10.1.3 Applicability and limitations 

The algorithm assumes that only turbulence contributes to the standard deviation of Doppler 
velocity measured at vertical within 30 s, and that the variation of mean particle terminal fall 
speed is relatively small. In cloud this has been shown to be reasonable, but in rain it may not 
be. 

10.1.4 Example 

An example of the derived dissipation rate and its error from Chilbolton on 17 November 
2003 is shown below: 



 

Figure 10-1: example of the derived dissipation rate and its error from Chilbolton on 17 November 
2003 
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The product web site is at: http://www.met.rdg.ac.uk/radar/cloudnet/data/products/epsilon-
sigma-v-bar-method.html
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11 Appendix E: Accuracy of lidar Extinction measurements of 

Ice clouds (Comparing various Lidar/Radar inversion 
strategies using Raman Lidar data.) 

11.1 Introduction 
The main (KNMI and IPSL) lidar/radar algorithms mainly employed within CloudNet 
were originally developed for the case of lidars operating at Infrared (IR) wavelengths. 
At IR wavelengths, the Rayleigh backscatter from atmosphere gasses is so weak that it 
is not usefully detected by the lidar system and the effects of molecular backscatter and 
extinction may be neglected from the interpretation of the lidar signal. However, many 
lidars operate at visible and ultra-violet wavelengths (such as the ARM MPL system 
and the SIRTA lidar). In these wavelength regimes, the molecular backscatter is 
usefully measured and should not be neglected from the analysis, not least since 
exploitation of the molecular Rayleigh signal can lead to improved extinction retrievals.   

The accuracy of various strategies of inverting lidar systems (using and not using the 
molecular Rayleigh return) have been investigated. In order to provide a baseline for 
comparison data from the NASA Goddard Raman lidar system operated together with 
the ARM 35 GHz cloud radar.  The data were collected during the AWEX-G filed 
campaign during October-November 2003 at the ARM-SGP CART site.  

11.1.1 Elastic Lidar   

For a simple elastic backscatter lidar the returned power (neglecting multiple scattering) 
is given by 
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where, z

 

is the distance from the lidar, mol, is the molecular backscatter coefficient, 
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is the aerosol and cloud backscatter coefficient and mol  and a are the 

molecular and aerosol+cloud extinction coefficients. If we assume that aa S ,
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and using the fact that the molecular backscatter and extinction are both well-known 
functions of the atmospheric density then the extinction is given by 
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mz is some reference boundary value range. If there exists cloud and reasonably aerosol 

free areas above and below a cloudy layer then both unknowns )(' mz  and S can be 

solved for.  In the common case where the lidar does not penetrate the cloud this can 
not be done. However, the radar reflectivity can then be used to help determine suitable 



values of )(' mz

 
and S . This second approach is in essence, how the KNMI and CETP 

lidar algorithms function. 

11.1.2 Raman Lidar   

A Raman lidar not only detects elastically scattered radiation but also light that has been 
Raman scattered, usually by atmospheric Nitrogen. For the case of a lidar which detects 
light vibrationally Raman scattered by N2 we may write.  
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Noting that )(, zram

 

is proportional to the atmospheric density the extinction is 

directly given by 
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Equation (11-4) yields an unbiased estimate of the extinction (neglecting the effect of 
multiple scattering). However, since ram is about ray

310

 

the resulting derived 

extinction profile is often quite noise. A less noisy but also less accurate estimate of the 
extinction profile can be derived by using Eqns. (11-3) and (11-4) to yield 
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Here, C is the ratio of the relative sensitivities of the Raman and elastic channels and 
may be determined via normalization using a cloud free portion of the lidar return 
profile. As before S is assumed to be constant and must be assumed which is a 
disadvantage, however, Eqn.(11-5) yields less noisy results than Eqn.(11-4) and is 
relatively insensitive to the action of multiple-scattering as the effects in both the 
Raman and Elastic channels tend to be similar and hence cancel out within the ratio in 
Eqn.(11-5).  

11.2 Method  

The following strategies have been employed to estimate extinction profiles:  

1. Elastic only. Here Eq.(11-2) is used and mz is chosen to be a point free of cloud 

as far from the lidar as possible (for numerical stability issues) such that the 
SNR is still higher than 5 or so.  )(' mz  and S are then determined by a 

minimization technique such that 
22

0.2

0.200.1 S

R

R
Cost

nocldi i

i
is minimized. Here R is the so-

called scattering ratio
)(

)()(

,

,,

iray

irayia
i z

zz
R , R  is the estimated random 

error in the retrieved backscatter ratio determined by the signal statistics. Here 



the addition of the second term in the cost function helps to stabilize the 
minimization process. 

2. Lidar + Radar (Constant Extinction). Here Eq. (11-2) is used and mz is chosen to 

be point within the cloud as far from the lidar as possible such that the SNR is 
still higher than 5 or so. )(' mz  and S are then determined by a minimization 

technique such that 
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i.e. the boundary value is chosen to minimize the gradient of the retrieved 
extinction around the boundary-value altitude. 

3. Lidar + Radar (Constant )'effR ). Here Eq.(11-2) is used and mz is chosen as in 

case 2 except that usable Radar reflectivity data must also be present at and 
below mz  . )(' mz  and S are then determined by a minimization technique such 

that 
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4. Lidar + Radar (Constant )*
oN ). Here Eq.(11-2) is used and mz is chosen as in 

case 2 except that usable Radar reflectivity data must also be present at and 
below mz  . )(' mz  and S are then determined by a minimization technique such 

that 
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The above strategies, as well as combinations of different techniques, were applied to 
the elastic channel signal of the Raman lidar and the results were compared to the 
retrievals using the Raman channel.   

11.3 Results 
The radar and lidar data used in this work are shown in Figure 11-1 Here the use of the 
Raman derived extinction and radar reflectivity allows both  *

oN  and effR' to be directly 

estimated.  Here it can be seen that neither *
oN  nor effR' are strictly constant with 

height. However, it this case it appears that *
oN  does vary in general more in the vertical 

than.  

The lidar employed here has a telescope field-of-view of about 0.25 mrads. Given this 
field-of-view, the expected sizes of cirrus cloud particles, and the wavelength employed 
multiple scattering effects are significant and must be accounted for (see Figure 11-2).  
Both the extinction estimated by using the Raman signal and extinction calculated by 



the other methods was corrected for multiple scattering effects using an iterative 
approach based upon the model of Eloranta.  
    

 

Figure 11-1: Elastic lidar signal, vibrational Nitrogen Raman shifted return, and Radar reflectivity. From the radar reflectivity 
and the Raman channel derived extinction (corrected for multiple scattering effects) both No* and Reff can be estimated 
(2nd row from the bottom). The bottom two panels show two methods for estimating the extinction without using the Raman 
shifted signal.    



 

Figure 11-2: Left panel, Radar reflectivity (thin black line), Raman shifted lidar return (dotted red line) and the Elastic lidar 
return signal (thick grey line). Middle panel, elastic signal uncorrected for multiple scattering (dark line) and the signal 
after multiple-scattering has been accounted for (red line). Note the ̀ tail present in the uncorrected signal above the cloud 
layer. Right panel, effective particle size and extinction estimated by Method 1 (red-lines),  using the ratio of the Elastic and 
Raman signals (grey lines) , and estimated from the Raman signal. Lines to the right of the right- most panel shows the 
extinction values.  

The correlation between the various methods of deriving the extinction profile (are 
resulting could optical thickness) are shown in Figure 11-3 and Figure 11-4 . Here the 
best results are obtained when the Rayleigh signal above and below the cloud are used. 
The next best results are obtained when the Rayleigh signal is not used but the variation 
in effR' is minimized. Thus, a good general strategy for lidars which are capable of 

measuring the molecular Rayleigh backscatter from the cloud free atmosphere would be 
to use the Rayleigh signal above the cloud if it is off sufficient SNR. If the lidar does 
not penetrate the cloud however, then one should switch to a method such as Method 3 
or Method 4.  

11.4  Conclusions  

1. If Rayleigh signal is available then it should be exploited. A combined method 
which using the Rayleigh signal above the cloud layer (when of sufficient SNR) 
combined with a method which uses the radar to select an appropriate boundary 
value in the lidar inversion process when the lidar does not penetrate the cloud 
seems an optimal general solution. 

2. Multiple scattering and the possible variation of the extinction-to-backscatter 
ratio S  are does not prevent accurate extinction measurements in cirrus clouds 
from being made with an elastic backscatter lidar. 

3. Errors in a given point extinction (100 meter vertical resolution and 30 seconds 
averaging) measurement using a lidar capable or measuring the Rayleigh 
backscatter will typically be on the order of better than 0.1 /km with 90% of the 
elastic only extinction measurements being in error by no more than about 30% . 



The actual figure may be less than this figure is limited by the SNR ratio of the 
Raman data used as a standard.    

 

Figure 11-3: Correlation between Raman derived extinction estimated using Method 1 (Rayleigh signal above and below cloud 
layer), Method 2 (Minimize extinction variation around boundary value range), Method 3 (minimize variation in   effR' ) and 

Method 4 (minimize variation in *
oN ). The contour intervals (starting with the darkest) contain 10,30,60,90, and 99% % of 

the observations.   



 

Figure 11-4: As Figure 11-3 but for cloud optical thickness.  
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