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1. INTRODUCTION 

 

The new geostationary Meteosat Second Generation satellite (MSG) will be a significantly 

enhanced follow-on system to the current generation of Meteosat. It has been designed in 

response to user requirements and will provide valuable information for numerical weather 

prediction, for climate monitoring and research, and it will also serve the needs of nowcasting 

applications. 

 

The new satellite will be spin-stabilised like the current generation, but with many design 

improvements: Images will be taken in 12 channels covering the visible and infrared spectral 

bands. The imaging instrument is SEVIRI (Spinning Enhanced Visible and Infrared Imager), 

the radiometer onboard MSG. This instrument will provide full disk Earth scans from MSG’s 

nominal position over the Greenwich meridian in 11 channels of the visible, near-infrared, 

and infrared spectrum. The 12
th
 channel is a high-resolution visible channel with a sampling 

distance which is three times higher than that of the over 11 channels, and its images will only 

cover a certain section of the Earth’s disk. The spectral characteristics of the SEVIRI channels 

are: 

 

Channel Band 

Frequency 

at Centre 

(m) 

Spectral Coverage 

(98-99% of Energy) 

(m) 

Noise 

Specification 

HRV 
High resolution 

visible 
(0.75) 

Broadband 

(peak 0.6 - 0.9) 
1.07 W/m

2
 sr m 

VIS0.6 
Visible 

0.635 0.56 – 0.71 0.53 W/m
2
 sr m 

VIS0.8 0.81 0.74 - 0.88 0.49 W/m
2
 sr m 

IR1.6 Near-Infrared 1.64 1.59 - 1.78 0.25 W/m
2
 sr m 

IR3.9 

Atmospheric 

Window 

3.92 3.48 - 4.36 0.35 K at 300 K 

IR8.7 8.70 8.30 – 9.10 0.28 K at 300 K 

IR10.8 10.80 9.80 – 11.80 0.25 K at 300 K 

IR12.0 12.00 11.00 – 13.00 0.37 K at 300 K 

WV6.2 
Water Vapour 

6.25 5.35 – 7.15 0.75 K at 300 K 

WV7.3 7.35 6.85 – 7.85 0.75 K at 300 K 

IR9.7 Ozone 9.66 9.38 – 9.94 1.50 K at 250 K 

IR13.4 CO2 13.4 12.40 – 14.40 1.80 K at 270 K 

 

SEVIRI will scan the full Earth’s disk at 15 minutes intervals, and the sampling rate of 

individual picture elements will be 3 km at the subsatellite point. The more frequent and 

comprehensive data collected by MSG will also aid the weather forecasters in the fast 

recognition and successful prediction of dangerous weather phenomena such as 

thunderstorms, which is an important contribution to the nowcasting community. As a support 

in this area, the Air Mass Analysis has been defined as an MSG mission, with the objective to 

monitor the thermodynamic characteristics of the troposphere using the SEVIRI channels that 

are responsive in the atmospheric window, water vapour, and carbon dioxide absorption 

bands. It is therefore foreseen to derive atmospheric instability parameters within the 

Meteorological Products Extraction Facility (MPEF) at EUMETSAT. As the parameters will 

be provided on a global scale (i.e. the entire MSG field of view), the product has been termed 

Global Instability Index (GII). The GII will be produced at a horizontal resolution of 

approximately 30km and will be distributed via GTS or LRIT (Low Rate Image 

Transmission). 

 

Instability indices are usually calculated from atmospheric profiles of temperature and 

humidity to provide some information concerning the vertical stability of the atmosphere. 

Various indices are used by forecasters for different applications and regions, and these 
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indices are defined as a difference of profile parameters in different pressure levels (Galway, 

1956, Kurz, 1993). Such data are usually derived from radiosoundings, but a few satellite 

derived indices also exist (e.g. derived from the GOES satellites, e.g. Hayden, 1988, Rao and 

Fuelberg, 1997). The air mass parameters can be used to issue severe weather warnings if the 

corresponding index exceeds a certain threshold. These thresholds are usually determined 

empirically and should not be regarded as fixed values – they may vary from season to season 

and from region to region. A skilled local forecaster is absolutely necessary for a correct 

interpretation of the provided indices. 

 

The MPEF GII product will include 4 instability indices and the total precipitable water 

content as a further air mass analysis parameter. The instability indices are defined as 

 

 Lifted Index LI  =  T
obs  

-   T
lifted from surface     

at 500 hPa 

 K-index  KI  =  (T
obs(850) 

 -  T
obs(500)

)  + TD
obs(850)

  -  (T
obs(700)

  - TD
obs(700)

) 

 KO index  KO  =  0.5 * ( e
obs(500)

  +  e
obs(700)

  -  e
obs(850)

  -  e
obs(1000) 

) 

 Maxim. Buoyancy MB  = e
obs(maximum between surface and 850)

  - e
obs(minimum between 700 and 300)

 

 

where T
obs

 is the observed temperature, TD
obs

 is the observed dew point temperature, and e
obs

 

is the observed equivalent potential temperature, all at the indicated pressure level (in hPa). 

 

An operational satellite based retrieval of the Lifted Index parameter and the total precipitable 

water has been performed since 1988 using the GOES Atmospheric Sounder (VAS) 

instrument (Hayden, 1988, Menzel et al., 1998). Studies have shown that the good spatial and 

temporal resolution of the VAS instrument and of the derived parameters give a good 

potential for the identification of pre-convective conditions (Kitzmiller et al., 1989). For the 

VAS data, these results are presented in a pictorial form with colour coded Lifted 

Index/precipitable water areas together with an overlay of the apparent cloud top temperature 

as provided by the IR10.8 channel. Animations of these images can be used to visually 

enhance the areas of high likelihood of strong convection and of cloud growth 

(http://cimss.ssec.wisc.edu/goes/realtime/realtime.html). Figure 1 shows an example of such a 

derived product image: 

 

 

Figure 1: Example of the Lifted Index instability parameter derived from the GOES 

sounders. Such composites are published for the last 24 hours in the web address 

given in the text. In order to visually enhance areas of possible instability, a 

distinct colour threshold is set at 0 C. Grey areas indicate clouds. 
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2. RETRIEVAL METHODS 

 

In principle, two different methods have been proposed for the retrieval of air mass 

parameters from MSG SEVIRI data (Fuhrhop et al., 2000): 

 

 a “physical” retrieval method 

 a “statistical” retrieval method 

 

The physical method tries to infer an actual temperature and humidity profile from the 

satellite observed radiances in a given set of channels. The air mass parameters are then 

derived from this profile. The method is an optimal estimation using an inversion technique, 

i.e. tries to find an atmospheric profile which best reproduces the observations (Rodgers, 

1976). In general, this is a multi-solution problem, and a “background profile” is used as a 

constraint. This background profile is often also referred to as “first guess”, as it is fed to the 

iteration scheme as an initial proposal for a solution. The original first guess is then slowly 

modified in a controlled manner until its radiative properties fit the satellite observations. A 

typical first guess field is a short-term forecast. Major limitations of this method are the high 

computational effort and the fact that the retrieved profiles tend to retain features of the first 

guess. 

 

The statistical method uses a statistical relationship between the satellite observations and the 

air mass parameters. Such relations can be found from historical data, e.g. radiosoundings and 

corresponding satellite observations of brightness temperature which can be simulated with a 

radiative transfer model. Such a basic dataset, which is used to find the relationships between 

the various parameters, is usually referred to as the “training dataset”. The training dataset 

must be large enough to cover a variety of possible atmospheric conditions, seasons and 

locations. The success of the statistical method crucially depends on the quality of the training 

dataset, as will be shown later in this paper. 

 

Artificial neural networks have been widely used for the retrieval of geophysical parameters 

from observational data (e.g. Aires et al., 2001). A neural net can find linear and non-linear 

relations between the data without making apriori assumptions concerning the type or form of 

the relations. Once the statistical relations are established with the training dataset, the 

retrieval is then computationally very fast, as it will relate the observations directly to the air 

mass parameters.  

 

In preparation for the MSG MPEF, both methods were installed in a test environment and 

were applied to GOES sounder data. This test phase was important to assess the quality and 

shortcomings of either method. The following will describe the two methods in more detail, 

show some results from the GOES tests and will describe the retrieval method chosen for the 

MSG MPEF. 

 

It should be noted that both methods will only produce meaningful air mass results for clear 

sky conditions. 
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3. THE PHYSICAL RETRIEVAL METHOD 

 

The physical retrieval tries to reconstruct a temperature and humidity profile from the satellite 

observed radiances or brightness temperatures of a given set of channels and a first-guess 

profile. Within the retrieval, the profile is modified until its simulated outgoing radiance field 

at the top of the atmosphere matches the satellite observations, or in practice, until its 

difference to the observations is minimal. The retrieval thus needs some kind of forward 

model to simulate the brightness temperatures. 

 

The core of the retrieval is the standard retrieval equation (Ma et al. 1999, or Rodgers, 1976): 

 

  )(KSK)KSKS( 0nnnB,B

1

ε

T

n

1

n

-1T

n

1

01n xxTTxx x  

   (1) 

 
with 

x: observation vector (temperature and humidity profile) 

n: iteration step, n=0 denotes first guess or background profile 

TB: observed brightness temperature 

TB,n: simulated brightness temperature for profile of iteration step n 

Sx: correlation matrix of first guess errors 

Kn: weighting function matrix (Jacobians) 

S: error covariance matrix of observed brightness temperatures and of the radiation  

model 

 

 

3.1 THE TERMS OF THE RETRIEVAL EQUATION 

 

3.1.1 ATMOSPHERIC PROFILES (xn) 

 

The atmospheric profiles of temperature and humidity are represented by the vector xn, where 

n=0 denotes the first guess profile. Since the RTTOV radiation model (see section 3.4.1) is 

used for the radiative transfer calculations, the profile parameters are represented at a 

maximum of 43 levels. The radiation model needs the profile parameters at 43 prescribed 

pressure levels so that the first guess profile must be appropriately interpolated to these levels. 

The implementation of the physical retrieval uses 6-hour forecast fields provided by ECMWF 

on a 1deg latitude/longitude grid. Each profile is interpolated both in space and time to fit the 

time and location of the actual satellite observation. As a surface value, the ECMWF 

forecasted skin temperature is also used in the retrieval as the temperature of the lowest layer. 

The observation vector thus has a length of 87, i.e. 43 temperature values, 43 humidity values 

and the surface skin temperature.  

 

 

3.1.2 CORRELATION MATRIX OF FIRST GUESS ERRORS (Sx) 

 

The statistical error of the first guess is represented by the matrix Sx. This 87 by 87 element 

matrix represents the correlation of the first guess error of one parameter to the same 

parameter in another level. The pairs of errors for temperature, humidity and skin temperature 

are assumed to be uncorrelated. The levels correspond to the RTTOV pressure levels. 

Schematically, the matrix has thus the following form: 
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where the 1.0 value in the lower right corner is the error correlation of the skin temperature to 

itself.  

 

The matrix was supplied by ECMWF. The temperature error correlation values are available 

for every 5 deg latitude belt and are the same for the northern and the southern hemisphere. 

The humidity error matrix is only available on a global scale. 

 

 

3.1.3 OBSERVATION AND RADIATION MODEL ERRORS (S) 

 

The statistical errors of the observed brightness temperatures and the errors of the radiation 

model are represented by the matrix S. The elements describe the covariance (instrument 

noise) of the brightness temperature error of the instrument, and an assumed uncertainty of 

the radiation model is added to that value. As the covariance of any two different channels is 

not known, this matrix has only diagonal elements. The (assumed) error of the radiation 

model was merely added to these diagonal elements. 

 

 

3.1.4 WEIGHTING FUNCTION MATRIX (Kn) 

 

The weighting function matrix Kn actually describes the change of the radiation field at the 

top of the atmosphere with a changed atmospheric profile: 

 

(i)

(m)T
i)(m,

n

n

B

x
n




K  (2) 

 

where m denotes a channel number and i denotes an element of the profile vector xn. If there 

are a total of k channels used within the retrieval, the matrix has thus k columns and 87 rows 

– 43 for temperature, 43 for humidity and 1 for the skin temperature. Such two-dimensional 

partial derivatives are also referred to as Jacobians. It is indeed the computation of these 

Jacobians that is a substantial factor of the computational load of the retrieval equation. 

Section 3.4.1 will come back to this point.  
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3.1.5 OBSERVED BRIGHTNESS TEMPERATURES (TB) 

 

The observed brightness temperatures vector TB represents the satellite measured brightness 

temperatures in the k channels. The original satellite measurements must be bias-corrected to 

account for the (possible) bias between the satellite and the used radiation model. Such biases 

must be assessed in an independent step, e.g. by comparing the clear sky radiance field with 

the simulated radiance field using the same radiation model and corresponding 

forecast/analysis atmospheric profiles.  

 

 

3.1.6 SIMULATED BRIGHTNESS TEMPERATURES (TB,n) 

 

The simulated brightness temperatures TB,n are computed for the atmospheric profile of 

iteration step n with the radiation model. TB,n must be computed as a vector for all channels k. 

 

 

3.2 APPLICATION TO SEVIRI 

 

In its application to the SEVIRI instrument onboard MSG, the physical retrieval will use 6 

channels: the three window channels IR8.7, IR10.8, and IR12.0, the two water vapour 

channels IR6.2 and IR7.3 and the CO2 channel IR13.4. Accordingly, the matrix S contains 

the instrument’s temperature noise in these 6 channels (see table in section 1) with the 

uncertainty of the radiation model added.  

 

 

3.3 APPLICATION TO GOES SOUNDER DATA 

 

The implementation of this algorithm was tested on data provided by the GOES-8 sounder 

instrument. Although many of the sounder’s channels are quite similar to SEVIRI, an 

equivalent of the IR8.7 window channel is missing on the sounder. For these tests, this 

channel was replaced by the sounder’s third water vapour channel around 6.5m wavelength. 

The observation errors for S were taken from the GOES instrument specifications. 

 

 

3.4 NUMERICAL IMPLEMENTATION OF THE ALGORITHM 

 

The physical retrieval method was originally provided by an external study (Fuhrhop et al., 

2000). Their method closely followed the physical retrieval implemented at the Cooperative 

Institute for Satellite Studies (CIMSS) in Madison, Wisconsin (Menzel et al. 1998, Dostalek 

and Schmit, 2001). The CIMSS retrieval mechanism is used to derive certain GOES sounder 

products also related to stability like the Lifted Index and Precipitable Water 

(http://cimss.ssec.wisc.edu/goes).  

 

 

3.4.1 RADIATION MODEL 

 

The original implementation used the radiation model PLOD (Pressure Layer Optical Depth) 

which was provided by CIMSS. A full description of this model can be found in Fuhrhop et 

al., 2000. Although PLOD is a fast transmittance model, it is only of limited value for an 

iterative retrieval scheme: PLOD is a mere forward model, i.e. for a given atmospheric profile 

and viewing angle, it computes radiances and corresponding brightness temperatures at 

different levels of the atmosphere. It has, however, no direct mechanism to compute the 

derivative, i.e. the weighting function matrix K. In order to arrive at values for K, the forward 

model is called up for every perturbation imposed to the original profile: For n levels of 

http://cimss.ssec.wisc.edu/goes)
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temperatures and humidities and an additional level for the skin temperature this involves 

2*n+1 calls to the forward model to fill in one matrix column. Following Equ. (2), K was thus 

approximated by the differences 

 

 
 

)ilevelinperturbed(i,n(i)n

i)levelin(perturbedm,
n
BT)(m,

n
BT

i)(m,
xx

nxnx

n



K  (3) 

 

For a total of k channels, the full matrix needs k * (2n+1) calls to the forward model. These 

numerous radiation calculations made the original implementation very slow, e.g. it needed 

~30 CPU hours on an HP workstation for the rather limited area of the GOES-8 sounder (196 

lines, each of 324 elements). The PLOD model was therefore replaced by RTTOV (Eyre, 

1991, Saunders et al. 1999) in the version RTTOV-6. RTTOV is practically a family of 

models that comprise a classical forward model and also a gradient matrix model, which 

computes the matrix K in one call. The gradient matrix version RTTOVK realises a direct 

derivative of the code used for the forward model RTTOV, thus providing the derivatives 

needed for K. Substituting PLOD with RTTOV immediately brought the CPU time for the 

same GOES test case down to 8 CPU minutes. 

 

 

3.4.2 NUMERICAL SOLUTION 

 

A further area to save CPU time is the solution of the retrieval equation itself: A close 

inspection of Equ. 1 shows that it involves the inversion of a large matrix, namely  

 

 n

1

ε

T

n

1

x KSKS
   (4) 

 

on the right-hand side of the equation. This matrix has 87 rows and columns, so its inversion 

is rather CPU intensive. Equ. (1), however, can be rearranged to 

 

   )(( 0nnnB,B

1T

nn

T

n01n xxTTxx xx 


 KSKSKKS   (5) 

 

which only involves the inversion of the much smaller matrix 

 

  SKSK
T

nn x  (6) 

 

This term is only of the size of the number of channels that are used – which in our case is 

only 6. This additionally sped up the solution by further 30%. 

 

 

3.5 CHARACTERISTIC FEATURES OF THE PHYSICAL RETRIEVAL 

 

As mentioned before, a typical feature of such an inversion scheme is its dependence on the 

first guess field and the fact that the retrieved profiles tend to retain the general characteristics 

of the first guess profiles. In many cases, the first guess already matches the observations so 

closely that the profile is not changed at all. Figure 2 shows an example: Shown is the Lifted 

Index together with a geographical distribution of the areas where the profile (and thus the 

Lifted Index) was indeed changed with respect to the first guess. Here, the satellite 

observations contributed some additional information over the first guess, and these locations 

coincide well with the potentially unstable regions, which were not so well identified by the 

first guess.  
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Figure 2: Lifted Index as derived from the physical retrieval (left) and performance of the 

retrieval with respect to the first guess (right): Locations where the retrieval 

changed the first guess profile are brown, blue indicates locations where the first 

guess remained unchanged, clouds are white (test case is from 24 May 2001, 14:46 

UTC) 

 

 

Figure 3 shows a typical example of how the first guess profile is actually changed. Due to the 

selection of channels, the retrieval method is most capable in altering the surface skin 

temperature and the humidity profile, especially in the lower levels. Only little modifications 

are usually imposed on the temperature profile. 

 

There are also numerous pixels within each image where the physical method never 

converges to a solution. This is usually occurs over clouds, where convergence cannot be 

reached. 

 

 

Figure 3: First guess and retrieved profiles of temperature (crosses and triangles, crosses are 

first guess) and humidity (asterisks and diamonds, asterisks are first guess). 

Changes imposed on the surface skin temperature and on the Lifted Index are also 

given 
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4. THE STATISTICAL RETRIEVAL METHOD 

 

The statistical retrieval of the instability information is based on a neural network approach: 

The neural net is used to identify linear and non-linear relationships between a number of 

input variables – the predictors – and one output value – this is in our case the respective air 

mass parameter. In general, a neural network is a computer model of individual elements 

commonly referred to as neurons. The predictors to the model make up the input neurons, the 

output value is then the output neuron. Network theory shows that simple input/output 

networks fail to solve certain kinds of problems (those which are linearly inseparable). In 

order to overcome this shortcoming, there can be intermediate or so-called hidden layers of 

any number of neurons. The neurons of the individual layers are connected by links, where 

each link is given a certain weight. The inputs are processed by a weighted summation with 

the so-called transfer function, and the result of this transfer function is then passed to the 

neurons of the next layer, until the output is produced. During a training phase of the neural 

net, the weights are optimised to fit the wanted output. Any neural net must thus be trained 

with a number of known input/output pairs, i.e. with some independent data. 

 

 

4.1 NETWORK TOPOLOGY 

 

In our case we use a simple three-layer feed-forward neural network of error backpropagation 

(e.g. Chauvin and Rumelhart, 1995, Beale and Jackson, 1990) with 15 input neurons and one 

hidden layer with 20 neurons. Section 4.2 will come back to the question what the 15 input 

neurons are and why a hidden layer with 20 neurons was chosen.  

 

Figure 4 shows a schematic of the network topology. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Topology of the neural network. For the statistical retrieval, there are 15 input 

neurons (green) and 20 neurons (blue) in the hidden layer. 

 

 

The (one) neuron in the output layer is the respective air mass parameter, so that in our case 5 

different networks are used for the 5 different parameters. 

 

The layer structure of the network implies that each neuron of one layer is connected to each 

neuron of the next layer, i.e. each input neuron is connected to all neurons of the hidden layer, 

and each hidden neuron is connected to the (one) output neuron. The neurons within a layer, 

however, are not interconnected which means that the value of a given neuron within a layer 

cannot change the value of the other neurons of the same layer. 

 

The connections can be interpreted as weights which are given to each individual neuron. All 

connections received by a neuron of the next layer are the sum of the products of each weight 

with its corresponding neuron value. This sum is compared to a certain threshold value that 

decides the final value of the neuron of the next layer. As the weights and the neural values 

Input Hidden Output 
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are passed from the input layer to the hidden layer and from there to the output layer, but not 

in the opposite direction, this type of network is referred to as a “feed-forward” net.  

 

It its learning phase, the net is confronted with known pairs of inputs and outputs, the so-

called learning or training data. Starting with a randomly selected set of weights, the net 

compares in each learning cycle the produced output to the desired one and alters the weights 

accordingly so that a more accurate output is produced in the next cycle. These weight 

adjustments are propagated from the output layer back via the hidden layer to the input layer, 

and the actual changes imposed on each weight depend on the difference between the 

produced and the desired output. This difference is described by the error function or 

costfunction. As the error information is passed back from the output to the input layer, this 

method is referred to as the “backpropagation rule” of errors. During the learning phase, the 

weights are adjusted for a large number of input/output pairs, and the net usually has to go 

through many cycles before it finds a good representation of the desired outputs.  

 

The threshold value or transfer function determines the activation state of a neuron. In its 

easiest case, this is just a step function between 0 and 1, i.e. the neuron is turned either “on” 

or “off”. Such a hardlimiting threshold, however, would actually mask the inputs from the 

outputs – the neuron cannot give any indication of the scale by which the weights need to be 

adjusted. For a multilayer network the transfer function must therefore have a smooth 

transition zone between 0 and 1 to allow for intermediate values. In our case, the tanh 

function was chosen (Figure 5). 

 

 

Figure 5: The tanh function is used as the transfer function for the neural net. The function 

allows for a smooth transition between 0 (“off”) and 1 (“on”) around the 

prescribed threshold 

 

 

The threshold activation value is some predetermined number, which can equivalently be 

subtracted from the weighted sum, and the result is then compared to zero, i.e. the curve in 

Figure 5 is simply shifted over x = 0. An alternative and often used way is to take the 

threshold out of the body of the model neuron and connect it to an additional neuron that is 

fixed to be “on” (=1) all the time. The net will then automatically fit the weight of this neuron 

to the appropriate threshold. 

 

In a realistic application with a finite number of training input/output pairs, the training will of 

course lead to a decrease of the costfunction during the training. From a certain learning cycle 

onward, however, the net reacts more to the exact patterns in the learning dataset rather than 

generalises the information content. To clearly find the point where this “overfitting” occurs, 

the network results must at the same time be compared to another independent dataset, the 

generalisation dataset. During the actual learning phase, the costfunction for the 

generalisation set also decreases, but starts to increase again as soon as the net begins to 

overfit. The best performance is thus found at the minimum of the cost function of the 

generalisation data. Figure 6 shows an example. 

0

1

-10 -5 0 5 10
threshold
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Figure 6: Example of a costfunction for a training dataset (lower line) and a corresponding 

generalisation dataset (upper line). For the training, the costfunction continues to 

decrease, while for the generalisation dataset the costfunction has its minimum 

(arrow) at around 330 training cycles. Network performance is best at this point 

 

 

4.2 APPLICATION TO THE AIR MASS ANALYSIS PROBLEM 

 

4.2.1 INPUT PARAMETERS 

 

To achieve the most efficient performance of the neural network, some care must be given to 

the correct choice of input parameters. For the derivation of the air mass information, obvious 

input parameters are the brightness temperatures of those satellite channels which are 

important in this context: These are the six channels which were already identified for the 

physical retrieval (section 3.2 for SEVIRI, section 3.3 for GOES). Further important 

parameters are a time and a location information, so that a total of 15 different input 

parameters can be identified as follows: 

 

Input parameters #1 and #2: sine and cosine of time of year information (year, Equ. (7)) 

Input parameters #3 and #4: sine and cosine of time of day information (day, Equ. (8)) 

Input parameters #5 to #8: location information (latitude, longitude, height, land/sea) 

Input parameter #9:  satellite viewing angle 

Input parameters #10 to #15: brightness temperatures in the 6 channels 

 

year is defined as: 

 

   D985.01M0.30year   (7) 

 

where M is the number of the month, and D is the number of the day within the month. 

 

day is defined as: 

 

 mm25.0hh0.15
360

24
day 





   (8) 

 

where hh is the local hour, mm the local minutes, and  the longitude. 

 

This formulation of year and day ensures a smooth transition between adjacent dates and 

times even when going from one year resp. day to the next. 
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Latitude, longitude, and satellite viewing angle are expressed in degrees, the location height in 

metres above sea level, and the land/sea identifier is a value of 1 of 2 indicating a land (1) or a 

sea surface (2). The brightness temperatures are expressed in Kelvin. 

 

Additionally, a #0 input parameter is introduced which is set to 1.0 to correct for the neural 

threshold activation value (see section 4.1). 

 

It should be noted that several tests were performed during the network training concerning 

the number and physical meaning of the input parameters, and the present description of the 

inputs produced the best performance of the network (see also section 4.2.3). 

 

 

4.2.2 NETWORK EQUATIONS 

 

For the practical application, the theoretical considerations of section 4.1 lead to the following 

network equations: 

 

 )(tanh C  (9) 

 ),...,,,( 15100   (10) 

 )d(tanh   (11) 

  10 ssoutput  (12) 

 

with 

 

: input vector with components i, i = 0, … , 15 

C: matrix of weights to go from the input layer to the hidden layer, C has 20 columns and 

16 rows (20 is the number of hidden nodes) 

: vector passed to the hidden layer, i, i = 1, …20 

: vector actually used in the hidden layer (=, but extended by 0 = 1.0 to account for 

the threshold activation value 

d: vector of weights to from the hidden layer to the output layer, di, i = 0, … 20 

: value passed to the output layer 

s0, s1: scaling parameters for final output 

 

The network training leads to the definition of C, d, s0, and s1. 

 

 

4.2.3 NETWORK TRAINING 

 

As mentioned earlier, one of the major features of neural networks is their ability to generalise, 

that is, to successfully classify pattern that have not been previously presented during the 

training phase. Multilayer networks generalise by detecting features of the input pattern that 

were found to be significant. Thus a previously unknown pattern, when presented to the 

network, is classified with others that share the same distinguishing features. This means that 

learning by example is a possible way for the network, as long as the examples comprise a 

representative set of patterns. It is this generalisation ability that makes neural networks 

superior to any other regression schemes or expert models. 

 

In general, neural networks are good at interpolation, but not so good at extrapolation (Rojas, 

1996). They are able to detect the patterns in the sample inputs and allow for intermediate 

states that were originally not present in the training dataset. However, inputs which are out of 

the range of the sample inputs are less well classified, since there is little to compare them 

with. This implies that much care must be given to the correct choice of the training dataset to 
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ensure that all parameters (inputs and outputs) cover the range of values that can be 

realistically expected for the future network application. It also means that a network may 

perform well for a given training and generalisation dataset, but still completely fails when it 

is applied to real data, if both training and generalisation data lack representativeness. An 

example of this is given later in this section. 

 

The performance of the net can be initially assessed by comparing the true output to the output 

produced by the network (e.g. for the training or the generalisation dataset). The correlation of 

these two output values is a direct measure of how well the net could fit the sample data. In 

practice, this is how the number of neurons in the hidden layer was determined: Different 

network training was performed for hidden layers with neurons ranging between 10 and 30, 

and the correlation was highest for 20 hidden neurons. 

 

In the application to the air mass parameter problem, data derived from radiosonde 

observations were initially used for the training. In the application to the GOES sounder, 

radiosonde data were collected for four years (1996 – 1999) over the GOES sounder field of 

view. Cloudfree cases are selected based on the relative humidity observations. Surface skin 

temperatures were taken from the corresponding ECMWF analyses. The air mass parameters 

as the neural network outputs are directly inferred from the soundings, and the satellite 

brightness temperatures are simulated with a radiative transfer model. The other network 

inputs as time and location are also taken from the soundings. This results in a dataset of 

~30,000 individual input/output pairs, which are randomly split in half to define a training and 

a generalisation dataset. As an example, Figure 7 shows the scatter plots of the true versus the 

simulated output value for the Lifted Index parameter. 

 

 

Figure 7: Scatter plots of the neural network derived Lifted Index versus the respective 

radiosonde value used in the training dataset (left) and the generalisation dataset 

(right). 

 

 

A similar behaviour is found for the other air mass parameters, with correlation coefficients 

ranging around 0.90 and being as high as 0.98 for the total precipitable water. Between 300-

400 training cycles are needed for this result. 

 

However, when applied to real satellite data, the neural network from the radiosonde training 

data showed a very poor performance. Figure 8 shows an example of that. The network 

retrieval shows a very high potential of instability (low Lifted Index values) practically 

everywhere in the image, while the physical retrieval shows a distinct zone of instability in the 

Southwest, a result which is also strongly supported by radiosonde data on that day (see 

section 5.6). Clearly, the statistical method completely “overreacted” to the presented data in 

the sense that it extremely exaggerated the instability. Due to the highly non-linear relations 
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between the data within the network this false behaviour cannot be attributed to a single 

parameter, it is rather a series of shortcomings within the training dataset that lead to this 

result. 

 

 

Figure 8: Example of an air mass parameter product: Shown is the Lifted Index derived 

from the physical retrieval (left) and from the statistical approach (right, with the 

radiosonde training data) for the 24 May 2001, 17:46 UTC GOES sounder image. 

 

 

A major source of the problem is the brightness temperature in the IR window channel 

(IR10.8) as used in the training dataset in comparison to the actual image data: 

 

The training data stem from radiosonde observations which are all taken at 0000 or 1200 UTC. 

These times correspond to early morning resp. evening hours local time. The high skin 

temperatures – which are reflected by high IR10.8 brightness temperatures - reached shortly 

after local noon are thus completely lacking in the dataset. Moderately high IR temperatures of 

the training data are already associated with rather low values of the Lifted Index (Figure 9), 

so when the network is confronted with even higher IR temperatures (as in the case shown in 

Figure 8) the network extrapolates to unrealistically Lifted Index values. Figure 10 shows the 

IR10.8 brightness temperatures for the case shown in Figure 8, which is around local noon 

local time. Just an eyeball comparison to the network relation shown in Figure 9 indicates that 

the network will most likely associate these high IR10.8 temperatures with a low Lifted Index. 

A further comparison with Figure 8 shows that the areas of high temperatures are the regions 

of a low Lifted Index. One explanation of the obtained result is thus the fact that the network is 

forced to extrapolate to areas outside its training domain, as explained in earlier in this section. 

 

Apart of the poor resolution of the diurnal cycle, a further shortcoming of the training data is 

its poor spatial coverage: Radiosonde stations are at fixed locations (Figure 11) so that the 

network regression is strongly determined by these locations. The network’s interpolation to 

the actual image coordinates might not always be appropriate. Also, the radiosonde data 

contained no stations over sea so that the network is strongly biased to land stations which is 

reflected by the poor network performance also over sea (Figure 8) 

 

With MSG over its 0 deg longitude position, the diurnal cycle problem might be less severe, as 

the 1200 UTC radiosonde will be close to local noon for a larger fraction of the image. 

However, the fact remains that the diurnal cycle is poorly resolved with only 2 daily 

radiosondes. Additionally, as a global product, the radiosondes over the entire field of view 

should be used for the training. With the exception of Europe, the radiosondes give only a 

poor coverage. Over the sea area, mainly only the North Atlantic ship routes are covered 

(Figure 12). It can thus be expected that a neural network approach with the MSG field of 

view radiosonde will show an equally poor performance as shown for the GOES tests. 
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Figure 9: IR10.8 brightness temperatures versus the Lifted Index as used in the training data 

obtained from radiosondes. The colours show the contours of number of 

occurrences: Boundaries (from dark blue to red) are 10, 100, 1000, and 2000 

 

 

Figure 10: IR10.8 image data used in Figure 6: Brightness temperatures exceeding 

290/300/310 K are shown in yellow/red/violet, resp. 

 

 

Figure 11: Locations of the radiosonde stations used for the network training 
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Figure 12: Locations of the radiosonde stations over the MSG field of view (composite of the 

years 1995 – 1998) 

 

 

To summarise the above results, an airmass parameter training dataset should not be derived 

from radiosonde observations due to the following reasons: 

 

(a) poor resolution of diurnal cycle as radiosonde data are practically only available twice 

daily 

(b) poor spatial coverage, especially over sea 

(c) difficulties in set-up of the dataset (determination of cloudfree sounding, general quality 

control) 

 

As the data of the physical retrieval seem to provide reasonable and reliable results, it was 

therefore determined to use these data as a training dataset. This idea was realised with the 

GOES test cases collected during spring and early summer of 2001: Results of the physical 

method are available for a total of 246 images, and as each image has 196 by 324 pixels, this 

results in 15.6 millions individual pixel data. As roughly half of these are cloud covered and 

thus have no air mass parameter, that still leaves us with 7.8 million individual data points. As 

these are far too many to use as training and generalisation data for the neural net, the data 

were heavily sampled, so that in the end ~46,000 data points were available which were 

evenly distributed over the training and generalisation dataset. These datasets contain as 

neural network input vector the same 15 parameters as described in section 4.2.1, where the 

brightness temperatures are directly taken from the image data. The respective air mass 

parameter as output value is obtained from the results of the physical retrieval method. 

 

This retraining of the network produced a different set of network coefficients C, d, s0, and s1 

(see Equ. (9) – (12)), and their use in the statistical method gave a substantial improvement 

over the radiosonde version. Figure 13 shows the result for the same case as shown in Figure 

8. Although the results are not identical when compared on a pixel basis, the statistical 

method shows a the same features, which is a significant improvement to Figure 8: A highly 

unstable air mass over the south-western US, and stable conditions further east and north. 

Also, the performance of the statistical method over the sea areas is satisfactory. It should be 

noted at this point that the air mass parameter output is something that should be used 

“visually”, i.e. as a picture like Figure 13. The individual pixel results are of minor 
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importance compared to the general spatial structure of the respective instability index. 

Additionally, image loops over consecutive images are even more conclusive to depict 

regions of instability potential. Image loops of the results of both methods show even better 

the quality of the retrained neural network. 

 

 

Figure 13: Same case of the Lifted Index as shown in Figure 8: Shown is the Lifted Index 

derived from the physical retrieval (left) and from the statistical approach (right, 

with the physical retrieval results used as training data 
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5. SOME RESULTS FOR GOES-8 SOUNDER IMAGERY 

 

This section will present some examples of both retrieval methods for all air mass parameters 

applied to the GOES-8 sounder imagery. The chosen sample case is the 24/25 May 2001. This 

period is characterised by the evolution of a large storm over the south-western US, preceded 

by clear indications of instability in several airmass parameters. The general storm evolution 

can be tracked in Figure 14 which shows the IR window satellite images of 4 different times.  

 

 

Figure 14: Evolution of a storm in the south-western US (Texas) as seen on 24 and 25 May 

2001 in the IR10.8 images of the GOES-8 sounder (times UTC are indicated) 

 

 

5.1 LIFTED INDEX 

 

The Lifted Index instability measure shows the potential of instability in this region several 

hours before the cloud formation began: The 0746 UTC image data on 24 May already gives 

a negative Lifted Index, and this intensifies to below –8 C during that day (Figures 15/16). 

 

 

Figure 15: Development of the unstable region as depicted by the Lifted Index on 24 May, 

0746 UTC (left) and on 1346 (right) (derived with the physical method) 

 

17:46 22:46 

00:46 02:46 
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Figure 16: Development of the unstable region as depicted by the Lifted Index on 24 May, 

0746 UTC (left) and on 1346 (right) (derived with the statistical method) 

 

 

5.2 MAXIMUM BUOYANCY 

 

The Maximum Buoyancy parameter also clearly identifies the potential of instability. The 

Maximum Buoyancy values evolved from around 20 C at 0746 UTC to around 30 C at 1346 

UTC (Figures 17/18). 

 

 

Figure 17: Development of the unstable region as depicted by the Maximum Buoyancy 

parameter on 24 May, 0746 UTC (left) and on 1346 (right) (derived with the 

physical method) 

 

 

Figure 18: Development of the unstable region as depicted by the Maximum Buoyancy 

parameter on 24 May, 0746 UTC (left) and on 1346 (right) (derived with the 

physical method) 
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The dark grey regions close to the western border of the Maximum Buoyancy images are 

areas where the Maximum Buoyancy is not defined, as the surface pressure here was below 

850 hPa (see section 1, definition of the indices). The information concerning the surface 

pressure is actually only available within the physical retrieval, and for the given example, 

this information was simply transferred to the statistical method. The statistical retrieval by 

itself would of course derive a Maximum Buoyancy value over these areas, which would be 

meaningless. In the end it should be in the responsibility of the user to decide whether the 

number is applicable or not with respect to the existing surface pressure. 

 

Comparing Figure 18 to Figure 17, it is evident that the statistical method shows higher values 

of the Maximum Buoyancy parameter at 0746 UTC than the physical retrieval suggests. 

Again it should be stressed that the two methods should not be so much compared on a pixel 

scale but rather in their ability to show similar structures, especially in their temporal 

evolution. 

 

 

5.3 K - INDEX 

 

The K-Index is for this case the parameter which fails to outline the region of instability 

(Figures 19/20). This is an example of the fact that the instability indices are of a highly 

empirical nature and are strongly dependent on the actual situation and even geographical 

region. In this particular case, the instability was due to very high surface skin temperatures 

together with a humid lower layer, which is not picked up by the K-Index, as the definition of 

this index only involves values of 850 hPa and above (see section 1). 

 

 

Figure 19: Visualisation of the K-Index on 24 May, 0746 UTC (left) and on 1346 (right) 

(derived with the physical method) 

 

 

Figure 20: Visualisation of the K-Index on 24 May, 0746 UTC (left) and on 1346 (right) 

(derived with the statistical method) 
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Again, the dark grey areas towards the western border indicate regions of surface pressures 

below 850 hPa, where the K-Index is not defined. For the statistical retrieval, this information 

was simply passed over from the physical results to make the pictures consistent. In any 

practical application, the user has to take the surface pressure into account to decide whether 

the index is applicable. 

 

 

5.4 KO-INDEX 

 

The KO-Index is only defined for locations where the surface pressure is 1000 hPa and higher 

(see section 1). For this case, the index is thus not defined over large extents of the land 

surfaces (Figures 21 and 22, the dark grey areas indicate locations where KO is not defined). 

 

 

Figure 21: Visualisation of the KO-Index on 24 May, 0746 UTC (left) and on 1346 (right) 

(derived with the physical method) 

 

 

Figure 22: Visualisation of the KO-Index on 24 May, 0746 UTC (left) and on 1346 (right) 

(derived with the statistical method) 

 

 

In the coastal areas of Texas, where the KO-Index is still defined, the index also seems to pick 

up the instability evolution, as it becomes more negative over time. 

 

Again, any use of this index should pay attention to the surface pressure over the location in 

question to determine whether the index is at all applicable. 
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5.5 TOTAL PRECIPITABLE WATER 

 

This air mass parameter is not a direct measure of instability, but a further parameter 

describing the atmospheric state. The total precipitable water (TPW) can be well determined 

by the physical method: The humidity within the atmospheric boundary layer is reflected by 

the brightness temperature difference in the IR split window channels (IR10.8 and IR12.0), 

and the upper air humidity information is contained in the water vapour channels used in the 

retrieval. The training phase of the neural network already showed that the correlation 

between the true and the simulated TPW is highest for this parameter (see section 4.2.3), so 

that generally the agreement between the physical and the statistical method is best for the 

TPW. Figures 23 and 24 show examples for the test cases. 

 

 

Figure 23: Visualisation of the total precipitable water content on 24 May, 0746 UTC (left) 

and on 1346 (right) (derived with the physical method) 

 

 

Figure 24: Visualisation of the total precipitable water content on 24 May, 0746 UTC (left) 

and on 1346 (right) (derived with the statistical method) 

 

 

The Figures demonstrate the excellent agreement of the two methods with respect to this 

parameter. 

 

 

5.6 COMPARISON WITH RADIOSONDE DATA 

 

A comparison with collocated radiosondes helps to assess the quality of the derived 

parameters. Figures 25 – 28 show the comparisons for Lifted Index, Maximum Buoyancy, K-

Index, and precipitable water content, resp., for the 24 May 2346 UTC GOES data together 

with the 0000 UTC radiosonde results of May 25
th
.  
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Figure 25: Lifted Index field with collocated radiosonde derived Lifted Index values. 

 

 

Figure 26: Maximum Buoyancy field with collocated radiosonde derived Maximum 

Buoyancy values. 

 

 

Figure 27: K-Index field with collocated radiosonde derived K-Index values. 

 

 

 

 



 25 

 

Figure 28: Total precipitable water field with collocated radiosonde derived TPW values. 

 

 

For all air mass parameters, the agreement is generally good. The presence of an unstable air 

mass over Texas is also supported by the radiosondes in their Lifted Index and Maximum 

Buoyancy values, while also the radiosonde derived K-Index does not show a significant 

maximum in this region. Also, the strong gradient between southern and northern Florida, 

which is seen in all parameters, is also seen in by the radiosondes. A further comparison of 

the GOES TPW retrievals to radiosondes can be found in Dostalek and Schmit, 2001. 
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6. OUTLOOK: APPLICATION TO MSG SEVIRI 

 

The presented results show that 

 

(a) it is possible to derive air mass parameters of satisfactory quality using a physical 

retrieval scheme, and 

(b) it is furthermore possible to find sufficient information between the such derived air mass 

parameters and the satellite measurements to use a statistical method based on a neural 

network to retrieve these parameters.  

 

The statistical method is envisaged in the operational MSG processing (MPEF) as it is much 

less computer intensive. 

 

The tests with the GOES data which are described in section 4 strongly suggest that a 

radiosonde based dataset for the neural network will only perform very poorly. Instead, the 

results of a physical retrieval – which are available in high spatial and temporal resolution – 

can be well used as learning data for the neural network. With respect to the MPEF this has 

the following implications: 

 

(a) The physical retrieval method must be implemented and applied to MSG data. 

(b) The data used for the physical retrieval can be sampled (in both space and time), but must 

still give good spatial and temporal coverage. 

(c) The such derived dataset can be used in a neural network for training. 

 

In principle this means that at least a full year of MSG data need to be processed to collect a 

comprehensive dataset. In practice, the network training can be started on shorter time series 

and can be continuously updated throughout the first year of operations, so that the quality of 

the statistical retrieval should increase with time. 

 

In the actual operational processing, the retrieval will make use of the MSG cloud analysis 

product to screen cloudy pixels from the GII processing. 
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