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/Abstract

frequently used in combination of classifiers

In this paper, we presented the application of the classifier combination technique to classify cloud systems, namely
stratiform and convective systems. The data used come from the SEVIRI (Spinning Enhanced Visible and Infra-Red
Imager) radiometric imager on board the MSG (Meteosat Second Generation) satellite. The methods were trained
and evaluated with satellite and radar data of the rain event of October 10, 2018 in the south of France provided by
Meétéo-France. This allowed us to evaluate and compare the performances for cloud identification of two methods
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Introduction

The techniques based on the supervised learning methods pro-
posed, for solving the problem of identifying cloud systems
and estimating precipitation, exploit the information from the
multi-spectral channels of the SEVIRI (Spinning Enhanced Visi-
ble and Infra-Red Imager) radiometer imager [2, 3, 11, 12]. Some
of these methods have shown a performance that surpasses the
others to predict one or more classes. The idea of making these
different methods cooperate in order to improve the precision of
the classification appeared with the development of new called
hybrid techniques. Two approaches are used for multi-classifier
cooperation. The first approach is to merge information from dif-
ferent classifiers for decision making, considering each classifier
as an independent source of information and exploiting the char-
acteristic performance of these sources to favor the most reliable
classifier to predict the class membership.

To do this, classifier fusion relies on three main strategies that
are the voting principle [10, 16], possibility theory and belief
theory [7, 17,1, 4]. Each of these strategies is adapted for the
type of information processed or the relevant decision criterion
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for classification. The second approach is to use strategies or
mechanisms for classifiers using different subset of data for each
classifier or using different classifiers for a set of training data.
These strategies are at the origin of several popular multi-clas-
sifier algorithms such as Boosting and Bagging [9,5]. It is the
second approach that we will focus on this study. To do this, this
paper we will detail the principle of these different mechanisms
of combining classifiers used in Section 2, and by subjecting our
database to tests that will be analyzed in Section 3. Finally, we
draw some conclusions in Section 4.

Combining Classifiers

Combining classifiers consists of combining the prediction of a
set of independent classifiers. What has been at the origin of a
very active field of research in supervised learning, by exploit-
ing the local precision of the different learning methods to form
a set of classifiers, which improves the global precision for the
same application [6]. Several methods have been implemented
by combining several classifiers, in this section we will expose
some methods, which have shown their effectiveness for the data
processed in our research study.
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Bagging

The principle of Bagging is "Bootstrap aggregation", it is a re-
sampling of the training dataset, by randomly generating other
subsets of data from the original training set, while keeping the
number of samples it contains, which means the appearance of
the same sample several times and the disappearance of several
others in the same subset. Indeed, a larger classifier prediction
error for the absent or less represented classes in the subsets.
However, the combination of classifiers used for the subsets
gives higher prediction accuracy than a single classifier and a
training dataset. The advantage of bagging is the reduction of
the variance without influencing the accuracy of the prediction.
Also, the study conducted by the effectiveness of Bagging is
more significant for learning methods whose prediction decision
is significantly different when there is an insignificant change in
the learning set [5].

Boosting

Boosting consists of a series of classifiers of different learning
methods whose prediction is weak. Its principle is that the sam-
ples misclassified by the first classifier are chosen more often
unlike the correctly predicted samples, with the aim of consti-
tuting the training data set submitted to the next classifier, this
step is repeated for all of the classifier until the end of the series.
Methods based on the Boosting principle have been developed,
the Arcing method and the Ada-Boost method [9]. The Arcing
method [5], the frequency of samples misclassified by a classi-
fier is the selection criterion in the training dataset submitted to
the next classifier; this step is repeated until the end of the series
of classifiers. The Ada-Boost method uses a series of classifiers,
which exploits the probabilities of the set of samples at the out-
put of a classifier, and then weight the prediction error of each
sample, the new set retains the completeness of the samples in
the training set[8].

Stacking

The mechanism at the base of Stacking consists of two levels, a
Meta level where a classifier is found that allows the combina-
tion of the classification of a set of lower level classifiers, which
aims to improve the prediction of all the classifiers compared
to those obtained by these same classifiers individually. The se-
lection algorithm is based on the principle of cross-validation,
a base level classifier having collected the best vote for the pre-
diction of a class among the set of classifiers submitted to the
different subsets of the training set, will be chosen by the meta
level classifier to predict this same class [16].

Table 1: Relationship between cloud parameters and SEVIRI data

Data and Application

Three types of climate for which their precipitation rates are
important. Namely, the oceanic climate found in Western Eu-
rope bordered by the Atlantic Ocean to the west, with annual
precipitation varying between 900 and 1800 mm in the form of
drizzle and fog. In addition, the Mediterranean climate, with an-
nual precipitation varying between 250 and 1150 mm, Also, the
transitional climate of the mountain ranges of the Tell Atlas and
the Saharan Atlas, which separates the region bordered by the
Mediterranean Sea from the desert from the Sahara to the south,
with annual precipitation decreasing to less than 100 mm south
of the Saharan Atlas. The exclusion of the arid desert climate
from our study is due to very rare precipitation in the form of
downpours and of little interest for our study, with annual quan-
tities which often do not exceed 50 mm. The rainy season lasts
from October to March. A band is defined with a latitude of 30°
to 50° North and a longitude of 6° West to 12° East as shown in
following figure.

Data

The data used in this study are satellite and radar images, which
represent a rainy and stormy event in the Mediterranean and go-
ing back to the south of France from October 10, 2018 from 08h
GMT to 18h GMT. In addition, precipitation intensities exceed-
ing 30 mm/h and cumulative rainfall more than 250 mm in cer-
tain regions, which is an indication of the presence of an intense
convective system, caused by an anti-cyclone in the center of
Europe, a depression in the North Atlantic Ocean and upwelling
of a warm air masses from Africa. The satellite data are images
acquired by the SEVIRI radiometer imager (Spinning Enhanced
Visible and Infra-Red Imager) on board the MSG4 (Meteosat
Second Generation 4) satellite. These images are captured every
15 minutes in 12 spectral channels and spatial resolution of 3 km
above the equator. Also, the images were processed in real time
in order to correct the radiometric and geometric effects induced
during the capture and geo-located, then the information is local-
ized on the Earth, calibrated and the radiances linearized so that
they are exploitable [8].

These data exploited in order to provide parameters for the iden-
tification of the characteristics of clouds and the types of precip-
itation of each pixel of the images captured, the parameters we
will discuss in this section. Two types of clouds are the source
of significant precipitation in the region of our study, stratiform
and convective clouds, which can be detected by exploiting the
parameters of the cloud as detailed in the study [3]. Relationship
which connects them to the data provided by SEVIRI channels
and summarized by the following table:

Parameters Channel Relationship
Cloud Top Tempera-ture [Ri0s 47 = B Tie0s (@
' N N
Vertical Extension of the Cloud ATirio 8 1r12.0 g = Dmax =m0
6.5

Altitude of the Cloud

ATWV&.Z—IRIO 8

Or

ATwy73-R12.0

Very negative value => Low altitude
Very low value => High altitude
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Cloud Water Path

During the day AT (VIS0.6-NIR1.6)
During the night AT (IR3.9-IR10.8)

2
CWP:g*p*r*Te

Cloud Phase

ﬂTIRS.?—IR 10.8

Low and negative value => Low altitude

With:

* N is the number of pixels that form the cloud.

e dH is the minimum height of the cloud or the rain column
which is 650 m.

e pis the density of the water contained in the cloud.

e (7)is the optical thickness and the effective particle radius

() of the cloud.
()

. is the effective particle radius of the cloud.
Radar data are images captured by the Météo-France radar net-
work located in the south of France. These images are captured

every 5 minutes with a spatial resolution of 1 km, processing has

Table 2: Reflectivity and precipitation rate relation

been applied to eliminate noise caused by the terrain and neigh-
boring radars [13]. The information is the reflectivity, which is
the measurement of the energy reflected by the precipitation in
(dBZ) and it gives us explicit information about the water con-
tent of the cloud.

For a spatial and temporal correspondence of the data manipu-
lated, we carried out the co-localization and the synchronization
of the satellite and radar data.

Table 1: illustrates the relationship for calculating the precipita-
tion rate R (mm/h) from the reflectivity measured by the radar
Z (dBZ) [12].

Type Relationship Corr. Coeff.
Strat. Precipitation Z< 38 dBZ Z=248.28%R" %8, 0.79
Conv. Precipitation Z>42 dBZ Z=412.35%R"N.#. 0.84

With
Z(dBZ) = 10log(2) )]

Application

The input variables of our models are calculated from the data of
multispectral channels of the SEVIRI radiometer of the Meteo-
sat Second Generation satellite. Which contains characteristic

parameters of the clouds deduced from the SEVIRI data, which
correspond to the ground truth data, which are the radar data.
The model allows assigning a class to a novel sample using the
samples from the training set. For this, we present as input the
variables that characterize this novel samples; the class thus as-
signed by the model represents one of the three classes non-pre-
cipitant, stratiform precipitant and convective precipitant.

Inputs
Tiri0s

ATwvez-iri08
ATwvra-1ri20
ATiga 71108
A?}Rlﬂ 8-IR120

Ryis0.6/ATiga.9-wvra

R.\‘J’Rl.h/drlﬂil.‘l—fﬂ 08

i

Quiputs

No
precipitation

Strafiform

precipifation

Model

“Conveciive
precipitation

Figure 1: Structure of the Bagging and Ada-Boost model that combines spectral parameters from SEVIRI images

Results and Discussion

To evaluate the performance of the Bagging and Ada-Boost
methods for cloud identification were tested to the SEVIRI and
radar data samples, these datasets being taken simultancously
and respecting the spatial correspondence between them. We
chose a database belonging to the stormy event of October 10,
2018. This database contains 3,187,904 samples, which cor-
respond to eight scenes captured between 12 h UTC and 14 h
UTC, which were divided in two, 80% for training and 20% for
testing of the two ensemble classifiers, Bagging and Ada-Boost
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that we chose for our application because they showed good
performance in other application areas. In order to compare the
Bagging and Ada-Boost methods with other methods, the two
stratiform and convective classes are in a single class called pre-
cipitant [14, 15].

The appropriate statistical parameters used to quantify the esti-
mation errors of the methods with radar measurements calculat-
ed from the contingency table summarized in Table 4.
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Table 3: Contingency table of estimates and measures

Identified by WKNN Observed by the radar
Precipitating Non-precipitating Total
Precipitating a b atb
Non-precipitating c d ctd
Total atc b+d T
Where a,b,c and d are contingency table values and T=a+b+c+d is calculated with the Frequency BIAS index (Bias):
¢ The rate of correctly identified events is calculated with the  goc = &F b
Probability Of Detection (POD). ate ®)

POD = ai -
2
»  The rate of number of pixels misidentified by the WKNN
method is calculated with The Probability Of False Detec-
tion (POFD).
b
POFD = ;= 3
*  The rate of events estimated when they were not events is

calculated with the False Alarm Ratio (FAR).

b
FAR =——

a+hb @)
e The difference between the estimate and the measurements

e The estimated correctly diagnosed event rate is calculated
the Critical Success Index (CSI).

a+b+c (6)

»  The rate of correct estimates is calculated with the Percent-
age of Corrects (PC).
_a+d
' (7)
The comparison between the Bagging and Ada-Boost methods
and WKNN method the ECST technique is summarized in Table

PC

Table 4: The statistical results of the verification for Ada-Boost and Bagging

POD POFD FAR Bias CSI PC

ECST 0.64 0.06 0.29 0.85 0.58 0.93

WKNN 0.68 0.05 0.26 0.89 0.61 0.95

Bagging 0.62 0.08 0.33 1.18 0.57 0.89

Ada-Boost 0.56 0.1 0.35 1.21 0.55 0.86
Optimal values 1 0 1 1 1

43

Figure 2: Tir10.8

image scene from October 10, 2018 at 12:40 UTC

45
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]

Figure 3: The rain area delineated by the Météo-France radar network in dBZ
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Figure 4: The rain area delineated by the Météo-France radar network in 4 levels
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Figure 5: The rain area delineated by the Bagging method in South East of France
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Figure 6: Comparison between Bagging method and the Météo-France radar network delineation
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Figure 8: Comparison between Ada Boost method and the Météo-France radar network delineation
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Figure 9: T IR10.8 image scene from October 10, 2018 at 12:40 UTC over North of Algeria and Mediterranean sea
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Figure 10: The rain area delineated by the Bagging method over North of Algeria and Mediterranean sea
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