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Abstract—Many severe meteorological events develop at short
time scales. The availability of effective rain-rate nowcasting
techniques is valuable for Civil Protection purposes. Neural
network based nowcasting techniques, exploiting satellite data,
have been proven to be more accurate than conventional
techniques. The objective of this work is to explore possible
improvements of the neural-network approach named Neural
Combined Algorithm for Storm Tracking (NeuCAST). In its
single channel version (developed for Meteosat-7) this technique
has been successfully applied, using feed-forward (FF) and
recurrent (RC) neural networks, to the rainfall field nowcast
from thermal infrared (TIR) and microwave (MW) passivesensor imagery aboard, respectively, Geostationary-Earth-Orbit
(GEO) and Low-Earth-Orbit (LEO) satellites.
This work proposes a new version of the NeuCAST technique,
named Generalized Combined Algorithm for Storm Tracking
(GenCAST), based on the Generalized Linear Model (GLM), and
the introduction of the Ensemble Bayesian approach in the
GenCAST technique extended to infrared (IR) multi-channel data
available from Meteosat Second Generation (MSG). The
ensemble approach here proposed is named DAN (Dynamically
Averaging Networks). Such approach differs from the typical
ensemble approach in that the weights, used to compute the
ensemble output, are dynamically updated rather than being a
priori determined. The reason of such choice is that ensemble of
models properly trained over a sufficiently representative dataset
can widen the response variety to a certain input pattern allowing
the selection of the input/output pattern associated with the
highest likelihood with respect to the latest available data. The
proposed method to determine the dynamic weights is discussed.
Several applications of the DAN ensemble approach to the multichannel GenCAST, related to different case studies over Southern
Europe in 2006-2010, are presented and relevant results are
discussed.
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I. INTRODUCTION
NOWCASTING of rainfall from remote sensing imagery is
becoming an important issue for several applications, which
are mainly related to civil protection alarming and also to
hydro-meteorological applications [1]-[4]. Multiple scales of
space and time can be taken into account, as well as different
data sources and objectives. The term nowcast should be
intended, in this context, as the ability to predict, at very shortterm time scales, the evolution of the geophysical field of
interest from remote sensing imagery. The satellite
measurements used here implicitly define the time and space
sampling imposed by the involved platform and sensor
features [5]-[7].
For a rapidly varying field, such as rainfall, high temporal
repetition of the observation, like that available from
geostationary satellites, is essential [8]. On the other hand, the
accuracy of the nowcasted fields is strictly related to the
physical correlation of the measured remotely sensed data with
the field of interest [9]-[11]. The rainfall nowcast problem
from the satellite remote passive sensors can be conveniently
split into two basic components as follows: 1) instantaneous
retrieval; and 2) temporal prediction.
Several rain retrieval techniques have been proposed on the
basis of multi-satellite imagery, exploiting passive sensor
measurements acquired by geostationary Earth orbit (GEO)
and low Earth orbit (LEO) platforms [8]-[14]. These
approaches tend to overcome some inherent limitations due to
the use of satellite infrared (IR) radiances, which are poorly
correlated with rainfall [6]. In this respect, microwave (MW)
radiometric data available from LEO platforms can provide
more accurate rain estimates [15]. From a microphysical point
of view, visible (VIS) and IR radiometers can give information
on cloud top layers since precipitating clouds are almost
completely opaque are in the IR. On the other hand, MW
radiometers can detect cloud structure and, to some extent,
near-surface rainfall. In fact, MW brightness temperatures are
fairly sensitive to liquid and ice hydrometeors since rain
clouds are not optically opaque at MW frequencies [16]. From

a system point of view, GEO satellites can ensure an Earth
coverage with a high temporal sampling, whereas LEO
satellites have the advantage to enable the use of MW sensors
but with the drawback of low temporal sampling. Therefore,
LEO-MW and GEO-IR radiometries are clearly
complementary in monitoring the Earth’s atmosphere and a
highly variable phenomenon such as precipitation. The IR
radiances from geostationary images can be properly
calibrated using the MW-based combined algorithms (e.g., [5]
and [13]-[16]). Microwave data can be extracted from the MW
imager sensors, but any rain estimation source may be used
[9]. Rainfall nowcasting by active and passive remote sensing
imagery has been attempted by numerous techniques in the last
decade [3], [4], [17], [18]. Some of the proposed nowcast
methods may be classified as standard, which are, hereafter,
also called “conventional,” such as the temporal image
persistence (TIP) and steady-state displacement (SSD) (e.g.,
[17]). Each of these conventional nowcasting methods shows a
performance that depends on the weather conditions in the
considered region.
The ensemble technique is a consolidated framework used
to mediate between the outputs of different models. It has been
shown that the output of an ensemble minimizes the average
sum-of-square error [19].
The basic aim of this paper is to exploit the potential of the
ensemble technique to both predict and retrieve the rainfall
pattern, having at disposal both GEO-IR and LEO-MW
passive sensor data. The latter are provided by means of the
Eumetsat Multi-sensor Precipitation Estimate (MPE) product
[20]. Great attention has been placed to select the input spacetime features and the optimization of the ensemble parameters
in order to optimize the rainfall nowcasting performance from
the satellite imagery temporal sequences with respect to the
conventional approaches. The goal of the proposed technique
is to describe a general ensemble technique that is flexible,
general and quickly available.
II. DATA
The data related to the brightness temperature are taken from
the 8 IR channels of the MSG 8/9, while the data related to the
rain field are taken from the Multi-sensor Precipitation
Estimate (MPE) product provided by Eumetsat [20].
A. Geostationary Satellite Data
As a source of GEO satellite imagery, the Meteosat-8/9
Spinning Enhanced Visible and InfraRed Imager (SEVIRI) has
been considered here, selecting areas of interest in Southern
Europe (e.g., [9]). The selected IR MSG image frames are
composed of 275 × 344 pixels, corresponding roughly to east
longitude ranging from 7◦ to 18◦ and north latitude ranging
from 36.5◦ to 48◦ (see small panels in Fig. 1). Each SEVIRI
pixel can be approximated by a square of 3 × 3 km at
midlatitudes.
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Fig. 1. The GenCAST logical layout: the flow goes from the MSG
images acquisition to the rain rate estimation.
The MPE has been selected as product derived from LEO
satellites. The MPE consists of the near-real-time rain rates in
mm/h for each MSG image in original pixel resolution. The
algorithm is based on the combination of polar orbiter
microwave measurements and images in the Meteosat IR
channels. The MPE is most suitable for convective
precipitation.
B. The case studies
The case studies are related to some meteorological events
within the Mediterranean Sea (Italy) and they are divided into
two groups: the first group is used to train the model related to
the MSG images (image nowcasting) and the second group
considers very interesting meteorological events (like snow
and thunderstorms).
The events belonging to the first group are the following:
• July 24th, 2006: training case
• August 13th, 2006: training case
• September 14th, 2006: training case
• March 20th, 2007: validation case
The first event is related to a strong thunderstorm activity
over the Italy, while the other events are related to cloud
motion over the Italy with heavy and moderate rain.
The events belonging to the second group are the following:
• January 26th, 2010: validation case
• February 1st,2010: validation case
• September 8th, 2010: training case
The first event is related to a winter heavy rain together with
snow events over the Italy, while the second event is a snow
event. Finally the third event is related to a very strong
thunderstorm activity (rain rate peak over 200 mm/h).

Fig. 4. The nowcasting architecture. The frames in input are broadcasted
to each ensemble’s components and the output of each component is
mixed to give the ensemble’s output.

Fig. 2. The trainig case study of the second group: the MSG Channel 9
Brilliance Temperature. The image shows a thunderstorm activity over
the Italy.

It is clear that the ensemble paradigm is fully embedded in Fig.
4. The temporal window was found using the Cao method [21]
to discover the optimal embedding dimension. This dimension
is the number of images in the past related to the current
frame. This number has been fixed to 6 images or 90 minutes
in the past. According to it, the MSG frames are given in input
to the ensemble. The MSG IR channels are compressed using
the PCA [22] in order to speed-up the computation time and
then dispatched to each ensemble’s component. Each
component is a Generalized Linear Model (GLM) [23], which
is trained using the Bayesian Framework [24] and the
NeuCAST’s approach [25]. Each component gives its own
prediction and each output is mixed following the Dynamically
Average Network (DAN) approach [26].
B. Generalized Linear Models
The base model used as ensemble’s components is the
Generalized Linear Model (GLM) [23], which can be written
in the form:

Fig. 3. The training case study of the second group: the MPE product
provided by Eumetsat. The thunderstorm activity produce a 200 mm/h
rain rate peak in the Tyrrhenian Sea and in the North Adriatic Sea.

III. THE METHODOLOGY
The approach followed to build the nowcasting framework,
shown in Fig. 1, is bottom-up.
First of all the ensemble model has been setup in order to be
used for the MSG images nowcasting from 30 minutes to 60
minutes. After a cloud classifier has been trained in order to
classify each pixel of a MSG image and finally a rain rate
estimator has been setup in order to estimate the rain rate on
the cloudy pixels.
A. Nowcasting network architecture
The ensemble architecture chosen is shown in Fig. 4.

E (Y ) = µ = g −1 (η )

(1)
The GLM generalizes linear regression by allowing the linear
model to be related to the response variable via a link function
g , while the other components of the models are: 1) a
distribution function f, from the exponential family and 2) a
linear predictor η = Xβ .
In a GLM, each outcome of the dependent variables, Y , is
assumed to be generated from a particular distribution function
in the exponential family; a large range of probability
distributions that includes the normal, binomial and Poisson
distributions, among others.
The model chosen sets the identity function as link and f is the
Gaussian distribution. So the GLM could be written in the
form:

∑ w φ (x ) = W
M

y ( x; w) =

j

j =1

j

T

Φ( X )

(2)

where φ (x ) is a linear function.
The Bayesian framework [24], used to train the GLM model,
implements the Occam razor in order to penalize the model
overall complex versus simpler models. It applies two steps,
according to (3), to find the best model mapping the data:
1) Fit the model to the data. This is the training step.

2) Compute the evidence to find the best model. This is
the regularization step.

Posterior =

Likelihood × prior
Evidence

(3)

Finally in order to minimize the amount of information
regarding the IR channels a Principal Components Analisys
(PCA) [22] has been applied. This technique applies a linear
transformation on the data and it has the advantage of reduce
the number of channels, but it is a loss of information
technique, because it penalizes the components of the data
which aren’t representative of the data.
The error introduced by the PCA did not allow to apply the
Neural Nets (NN), used in the NeuCAST, to the study,
because these models are very sensitive to the errors.
The figure Fig. 5 shows the RMSE error introduced by the
PCA.

It is possible to show that the average sum-of-square error
introduced by the GEM and the average sum-of-square error
introduced by the BEM have the relation:
ΕGEM ≤ Ε BEM
(6)
The approach used in this work is named Dynamically
Averaging Networks (DAN) [26] and it is a special case of the
GEM. The form of the DAN is the following:
L

f DAN =

∑ w f (x )
i i

(7)

i =1

where

wi =

c( p f i )

(8)

L

∑ c( p
j =1

fj

)

and c( p f i ) is the certainty function defined as follows:

if p f i ≥ 0.5
pf
(9)
c( p f i ) =  i
1
−
p
otherwise
fi

In the DAN approach the parameters or weights are not fixed a
priori, but are computed dynamically every time a new output
appears.
To apply the DAN, it should be possible to assign a
probability to each output of the ensemble’s components, in
order to compute the certainty function. If Err ( f i ) is the error
i

bar related to the output of the component i then it should be
possible to assign a probability to each output as follows:
Fig. 5. The error introduced by the PCA.

p ( fi ) =
i

Erri ( f i )

∑ Err ( f )
j

C. The Ensemble nowcasting methods
The ensemble of models is a composition of different models
(the ensemble’s components) whose outputs are mixed to give
the output of the ensemble. Given L components, the general
form of the ensemble is the General Ensemble Model (GEM)
[19][26] which has the following form:
L

f GEM = ∑ α if i ( x)
i =1

α i are constrained by the

In general the mixed coefficients
following conditions:

(4)

1)

0 ≤ αi ≤ 1

2)

∑α

and
L

i =1

i

= 1.

These two conditions guarantees that the output of (4) is a
weighted sum of its components.
The naive form of the GEM is the Basic Ensemble Model
(BEM) which has the following form:

f BEM =

1 L
∑ fi ( x)
n i =1

(5)

(10)

L
j

j =1

It is possible to show [19] that:
1 ≤ Ε DAN ≤ ΕGEM + 1

(11)

D. The Cloud Mask product
The Cloud Mask (CM) product is used to classify each pixel
into one of the three following classes: Clear over Sea, Clear
over Land and Cloud. The classes are the same as the
analogous Satellite Application Facilities (SAF) CM product
[27]. The model used to simulate the CM is a GLM classifier
with the φ (x ) function is the softmax function.
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The benchmarks used to compare the image prediction are the
Persistence [17] and the Steady State Displacement (SSD)
[17]. The Persistence method considers the current frame as
the nowcasted image while the SSD method tries to estimated
the motion vector and applies it to the current image in order
to compute the nowcasted image.
B. The First Group case studies results
The Table IV-1,Table IV-2 and Table IV-3 show the results of
the ensemble nowcast model with respect to the Persistence
and the SSD for the 30 minutes ahead nowcast.
Fig. 6. The GLM Cloud Mask for one of the case studies.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
1.26
0.15
0.28
0.72
0.34
0.77
0.73
0.44

SSD
1.09
0.09
0.22
0.64
0.31
0.68
0.63
0.39

Persistence
0.72
-0.02
-0.02
0.25
0.10
0.27
0.23
0.11

Table IV-1. The BIAS mean values, in °K, computed on the three
training case studies for the 30 minutes ahead nowcasted images : the
values of the three models are comparable for each MSG channel.

Fig. 7. The Eumetsat Cloud Musk product corresponding to one of the
case studies.

IV. RESULTS
The results showed in this section are related to the case
studies of the first and the second group. The results of the
first group will be presented in the form of performances
indexes’ tables regarding the image prediction with respect to
the observed image while the results of the second group will
be presented in the form of the contingency matrixes of the
GLM Cloud Mask with respect to the Eumetsat Cloud Mask.
A. The Performance Indexes and the Benchmarks
The performance indexes used to measure the quality of the
image nowcasting are the following: the BIAS (Eq. 12), the
RMSE (Eq. 13) and the Correlation Index (Eq. 14):
mε (t k ) =

1
N points

 1
s ε (t k ) = 
 N points
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(13)

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
7.41
2.24
4.58
9.19
4.94
9.61
9.29
6.01

SSD
8.20
2.41
5.04
10.12
5.20
10.57
10.16
6.62

Persistence
9.05
2.72
5.62
11.11
5.71
11.62
11.20
7.35

Table IV-2. The RMSE mean values, in °K, computed on the three
training case studies for the 30 minutes ahead nowcasted images : the
values of the DAN model are better than the Persistence and the SSD
models.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
89.50
93.12
92.63
92.43
92.34
92.60
92.84
93.09

SSD
87.05
91.90
91.09
90.73
91.60
90.93
91.27
91.50

Persistence
84.40
89.84
89.15
89.02
89.99
89.20
89.55
89.69

Table IV-3. The Correlation Index mean values, in %, computed on the
three training case studies for the 30 minutes ahead nowcasted images :
the correlation of the DAN model are better than the Persistence and the
SSD models.

The Table IV-4, the Table IV-5 and the Table IV-6 show the
results of the ensemble nowcast model with respect to the
Persistence and the SSD for the 60 minutes ahead nowcast.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
1.80
0.22
0.40
1.14
0.50
1.21
1.14
0.69

SSD
1.99
0.20
0.46
1.30
0.62
1.36
1.28
0.80

Persistence
1.94
0.21
0.45
1.29
0.58
1.36
1.28
0.78

Table IV-4. The BIAS mean values, in °K, computed on the three
training case studies for the 60 minutes ahead nowcasted images : the
DAN values are better than the others, because the correlation between
the images are lower at 60 Minutes. The SSD and the Persistence are
more influenced by the correlation than the Ensemble.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
10.16
3.30
6.57
13.11
6.95
13.77
13.36
8.74

SSD
11.38
3.38
7.04
14.16
7.28
14.83
14.30
9.35

Persistence
12.28
3.79
7.78
15.40
7.89
16.13
15.59
10.25

Table IV-5. The RMSE mean values, in °K, computed on the three
training case studies for the 60 minutes ahead nowcasted images : the
values of the DAN model are better than the Persistence and the SSD
models.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
79.55
85.03
85.01
84.54
84.89
84.73
85.12
85.41

SSD
74.62
83.57
81.84
81.13
82.91
81.46
82.09
82.44

Persistence
70.84
79.74
78.45
78.22
80.30
78.55
79.18
79.37

Table IV-6. The Correlation Index mean values, in %, computed on the
three training case studies for the 60 minutes ahead nowcasted images :
the correlation of the DAN model are better than the Persistence and the
SSD models.

The Table IV-7, the Table IV-8 and the Table IV-9 show the
results of the ensemble nowcast model on the validation case
study with respect to the Persistence and the SSD for the 30
minutes ahead nowcast.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9

DAN
0.75
0.03
0.10
0.04
0.09
0.09

SSD
1.11
0.08
0.15
0.19
0.21
0.15

Persistence
0.97
0.03
0.06
0.03
0.06
0.06

Ch. 10
Ch. 11

0.09
0.09

0.21
0.15

0.06
0.06

Table IV-7. The BIAS mean values, in °K, computed on the validation
case study for the 30 minutes ahead nowcasted images : the DAN values
are comparable with respect to the other models.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
9.28
2.03
5.07
10.31
4.19
10.8
10.54
6.41

SSD
10.7
2.08
5.59
11.45
4.21
12
11.66
7

Persistence
10.94
2.07
5.69
11.85
4.37
12.42
12.03
7.19

Table IV-8. The RMSE mean values, in °K, computed on the validation
case study for the 30 minutes ahead nowcasted images : the values of the
DAN model are better than the Persistence and the SSD models.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
78.23
93.66
85.83
81.46
81.64
81.71
82.12
84.12

SSD
73.54
93.83
83.81
78.44
83.03
78.68
79.38
82.22

Persistence
71.58
93.55
82.64
76.31
80.71
76.58
77.39
80.53

Table IV-9. The Correlation Index mean values, in %, computed on the
three training case studies for the 30 minutes ahead nowcasted images :
the correlation of the DAN model are better than the Persistence and the
SSD models.

The above tables show that the model generalizes very well
with respect to the SSD and the Persistence.
The latest tables show the results of the ensemble nowcast
model on the validation case study with respect to the
Persistence and the SSD for the 60 minutes ahead nowcast.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
1.4
0.02
0
-0.31
-0.23
-0.33
-0.24
-0.11

SSD
1.57
0.03
0.06
-0.09
-0.2
-0.09
-0.02
0

Persistence
1.47
0.02
0.01
-0.19
-0.24
-0.19
-0.11
-0.05

Table IV-10. The BIAS mean values, in °K, computed on the validation
case study for the 60 minutes ahead nowcasted images : the DAN values
are comparable with respect to the other models.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9

DAN
11.13
2.54
6.04
12.37
12.69
7.73

SSD
12.65
2.52
6.66
13.8
14.09
8.45

Persistence
12.88
2.54
6.77
14.07
14.35
8.6

Ch. 10
Ch. 11

12.69
7.73

14.09
8.45

14.35
8.6

Table IV-11. The RMSE mean values, in °K, computed on the validation
case study for the 60 minutes ahead nowcasted images : the values of the
DAN model are better than the Persistence and the SSD models.

Model/Channel
Ch. 4
Ch. 5
Ch. 6
Ch. 7
Ch. 8
Ch. 9
Ch. 10
Ch. 11

DAN
66.22
89.95
78.63
71.32
71.81
71.56
72.15
75.26

SSD
62.81
90.97
77.09
68.66
75.28
68.9
69.93
74.13

Persistence
60.48
90.37
75.42
66.45
73.02
66.71
67.77
72.13

Table IV-12. The Correlation Index mean values, in %, computed on the
three training case studies for the 60 minutes ahead nowcasted images :
the correlation of the DAN model are quite better than the Persistence
and the SSD models.

used to get the background temperature and a DEM model is used in
order to discriminate between the land and the sea pixels. The MSG
channel used are showed on each edge.

The following contingency tables present the pixel Cloud/NoCloud classification with respect to the Rain/No-Rain
classification based on the MPE. The tables are related to the
GLM Cloud Mask and to the Eumetsat Cloud Mask.

(Eumetsat ,GLM) CM
No Cloud
Cloud

No Rain
(37776,56840)
(49240,30176)

Rain
(0,0)
(7584,7584)

Table IV-13. The 2010/02/01 case study. The pixel rain classification of
the Eumetsat Cloud Mask with respect to the MPE rain pixels. Each pair
(Eumetsat CM,GLM CM) in each cell contains the number of pixel
classification with respect to the Rain/No-Rain class.

(Eumetsat ,GLM) CM
No Cloud
Cloud

No Rain
(2047,44544)
(84880,42383)

Rain
(0,1)
(7673,7672)

Like the 30 minutes results, the ensemble model shows to be
more general than the SSD and the Persistence models and its
performances indexes are very good.

Table IV-14. The 2010/01/26 case study. The pixel rain classification of
the Eumetsat Cloud Mask with respect to the MPE rain pixels. Each pair
(Eumetsat CM,GLM CM) in each cell contains the number of pixel
classification with respect to the Rain/No-Rain class.

C. The Second Group case studies results
In this section the rain field 30 and 60 minutes ahead nowcast
reconstruction are presented.
The results belonging to the second group are related to the
results of the first group, because the rain field are
reconstructed using the MSG images nowcasted by the
GenCAST model showed in the previous section.
The results are related to the GLM Cloud Mask performance
and to the performance indexes used to measure the results of
the GenCAST in the previous section.

The Table IV-13 and the Table IV-14 show that the GLM
Cloud Mask acts as a filter on the “No Rain” pixels. In fact the
number of the “No Rain” Eumetsat CM pixels is more than the
number of “No Rain” GLM CM pixels. The GLM CM can be
used in place of the Eumetsat CM in order to filter the rain
pixels. On this subset of pixels the rain rate classifier and the
rain rate field estimator will be assessed.

Fig. 9. The case study 2010/01/26: the 30 minutes nowcasted image (to
the left) and the 60 minutes nowcasted image (to the right).

30 Minutes Nowcast

60 Minutes Nowcast

BIAS: 2.56 mm/h

BIAS: 1.33 mm/h

RMSE: 10.29 mm/h

RMSE: 9.05 mm/h

Correlation Index: 76.27%

Correlation Index: 68.47%

Table IV-15. The performance indexes computed on the 2010/01/26 case
study: the RMSE is about 10% the MPE rain rate peak (110 mm/h).

Fig. 8. The rate rate estimator layout. The 3 models used are the GLM
for the Cloud Mask and the Multi Layer Perceptron [19] for the rain
rate classifier and the rain rate estimator. A simple LST estimator [28] is

Fig. 10. The case study 2010/02/01: the 30 minutes nowcasted image (to
the left) and the 60 minutes nowcasted image (to the right).
[6]

30 Minutes Nowcast

60 Minutes Nowcast

BIAS: 1.94 mm/h

BIAS: 2.03 mm/h

RMSE: 4.78 mm/h

RMSE: 4.97 mm/h

Correlation Index: 57.27%

Correlation Index: 50.27%

Table IV-16. The performance indexes computed on the 2010/01/26 case
study: the RMSE is about 13% the MPE rain rate peak (37 mm/h).

The results show a good shape reconstruction of the rain rate
field and a good performance indexes in terms of correlation
and RMSE. The indexes on the 2010/01/26 case study are
better because the rain event is a “Violent” [29] event like the
2010/09/08 (the training event).
V. CONCLUSIONS
In this work a new version of the NeuCAST model named
GenCAST, based on the GLM model for the MSG images
nowcasting has been presented. In the first part of the work has
been showd the flexibility and the generalization of the
GenCAST in terms of performances indexes with respect to
the Persistence and the SSD. The results showed are related to
the 30 minutes ahead and 60 minutes ahead nowcast. The
indexes have shown that the model performs better than the
other benchmarks and generalizes very well.
The second part of the work has shown the application of the
GenCAST model, trained in the first part, in order to nowcast
the rain rate field on two different case studies. The results
have shown a good performance for the “Violent” [29] rain
event as expected.
The GenCAST model should be used to produce a wide range
of meteorological products or it can be used as a synthetic
satellite source to feed NWP models or weather software
libraries e.g. SAF [27].
The GenCAST model should be used in a deployed system for
Civil Protection or ATC purposes, but it needs to be trained on
a greater number of events in order to increase its accuracy.
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