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1 Introduction

ABSTRACT

The high rates othoieraepidemic mortality in Jess developed countries ibalengefor health fa
cilities to which itis necessary to equigself with the epidemiological surveillance. Btrengtherthe
capacity of epidemiological surveillandéjs paper focuses on remote senssagellitedata processing
using data mining methods to discover risk areas of the epidemic disease by conneamgradime
ment, climate and health. Thesatellitedata are combinedith field data collected during theame

seé of periods inorderto explainand deduct the causes of the epidemic evolution frompereod to
anotherin relation tothe environment. The existing technigalgorithms) for processing satelliten-
ages are mature and efficient, so the challenge today is to provide the most suitable means allowir
the best interpretation of obtained results. For that, we focssipervisedclassification algorithm to
process a set chtelliteimages fronthe same arelaut on different periods. A nove¢searchmethod-
ology (describing pre-treatment, data mining, and post-treatnsgmtoposedo ensuresuitablemeans

for transforming data, generating information and extracting knowledge. This methodology cossists of
phases(1.A) Acquisition of informatiorfrom the fieldaboutepidemic (1.B) Satellitedataacquisition,(2)
Selectionandtransformatiorof data (Datalerivedfromimage$, (3) Remote sensinmeasurementg4)
Discretizaton of data (5) Datatreatment, and (8hterpretaton ofresults. Thenain contributionsof the
paper are: to establish the nature of links between the environment and the epidértachighlight
those risky environment&henthe public awareness of the problem and the prevemnt@icies are
absolutely necessary for mitigation of the propagationeandrgencef the epidemic. Thisvill allow
national govemments, local authorities and the public health officiais to effective management accordin
to risk areas. The case stutyncems the knowledgiiscovery in databases relatedrisk areas of the
choiera epidemia Mopti region, Mali(WestAfrica). Theresults generatitom data mining association
miesindicatethat thelevel of theNiger River in thewintering periodsand some societéhctorshavean
impad on thevariation of choiera epidemic rate Mopti town. More theriver level is high, at66%the

rate ofcontamination igigh.

particularly in wintering periods. Indeedail outbreak areasre
located along the Niger RivarrossesMali on its length Southto

Choiera remains a major publizealth problem in developing the North. The progressionof the epidemic has occurréd the
countries.More than fifty countriesin the world suffer choiera flow direction of the West River Country to the North.
outbreaks withan average of 200,000ases andlethality rate The infectious diseaseare gaining more ground every year
of 4% (Piarroux, 200). There is no effective vaccine included thus increasing the rislof epidemics.They have in common
in the WHO vaccination programs(Fournier, 199% Mali located small organisms,often arthropods(virus, mosquitoesflies, ticks,
in theheartof WestAfrica is no exception to the ruleNoting lice or fleas), which are called vectors because they transmit the
that the geographical factor plays amajor raie in this epidemic, infectious gent from one host to another. Thedistribution area
becausdan 78% of casegpeople were the bathing takes placghe  of these vectorss progresively expanding, with climatehange
lakes, streamsor rivers according to a study liyao et al.(2009) openingup some possibilities for the reappearance disease
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technology in the fight and the stalking of infectious diseases. Theure review inSection 3 Our navel methodology and techniques
potential advantages of the space technology are numerous: adopted are presented Bedion 4. Section 5presents experimen-
| results andSection 6gives somaliscussions and finallgection

. . . t
L) N . .
Economies: satellites caver a large area without long travel Ofprowdes concluding remarks

the field teams.

« Security: the satellites cover dangerous or inaccessible areas,

* Dynamics: decryption of the spatiotemporal dynamics o
diseases,

* Monitoring: provision of risk maps and epidemiological
surveillance platform for better monitoring and ieipgtion of
epidemics.

f2. Theoretical background

Remotesensingis a method tabservethe earthsurfaceor the
atmospherefrom space using satellite systems recording images
which can be interpreted ta yield useful information. Remote sens-
ing supports the mappingf various territories(terrestrial, marine

Epidemiology turns to space using remote sgnsatellite  and coastal ecosystemsnd it has manyapplicationsin mapping
technology through Tele-epidemiology. Tele-epidemiology asdand use and caver, agricultussils mapping, military observa-
sociates satellite observation dd@eographical, climatological, tion, deforestation, urban growth, etc. Satellite remote sensing
environmental, land use, etc.) with dattsfrom multidisciplinary imagery provides an effectiveiay ta collect critical information.
areas (health data, temperature or humidity, socioeconomic dathlowadays, the challenge is ta develop technisalutions based
biological readings, etc.Marechal, RibeirpLafaye,& Guell, 2008). on remote sensing satellite dataidentify, predict and study risk
That allows ta analyse the mechanisms of emergence, propagatiareas that can benefit ta ail sectors particularly the health sector.
and transmission of epidemic diseases, firstly, by investigating the Thereare many satellites positioned around thglobe: some
tripartite relationships Climate-Environment-Healtind secondly,  are geostationary above a region, amsdme are orbiting around
by updating the links that exist between the epidemic diseasdke Earth, but ail are sending a non-stop streandadd ta the
and the environment in which they develop, using remote sensingurface. There is a consideralgmwth of stored datan databases
satellite technologyLacaux, Tourre, Vignolles, Ndion&, Lafaye, that hideimportant knowledgeand deserves ta find and use in
2007). order ta help decision-maker@\latrista-Salas et al., 2015In

Statistical and non-statistical products havesnbedeveloped this article, we presentan approach ta determine risk areas of
to facilitate the work of epidemiologists: quantification of the epidemiccrisis using data mining techniques (search for patterns
cases of disease. identificatiof the factors characteristic of the or regularitieg in satellite data.
affectedareas,dentification of the higtrisk areasdevelopment of Satellite data consists of data Bérth or other planets collected
forecasting models, management of prevention programmes, ety satellitesWe focus on satellite data on earth from the Landsat
Remote sensing has a rising significance in the current informatigrogram that is the longest running enterprise for acquisition of
and communicatiorsociety. satellite imagery of Earth and because their images are free and

The purpose of this work is ta demonstrate the lmdtween of good quality. On july 23, 1972he Earth Resources Technology
the geographical factor of the Niger River and the spread of th®8atellite was launched. Thiswas eventually renamed ta Landsat.
choieraepidemic inaffected communities using satellite images  The mostrecent, Landsat8, was launched on February 12013
and field data processed bydata mining techniques. Thus this (Shat. 1982. The instruments on the Landsat satellites have
work contributes ta strengthening epidemiological surveillancecquired millions of images and can be viewed through the United
policy that focuses on a particular areaMali and generally in the States Geological SurvefSGS: Earth Explorer, Landsat Look
countries concerned about the production of images representiviewer and GloVis) website. Data mining techniques are applied

maps of risk areas apidemics. ta data base made up of satellite data for the identification and
The processing of remote sensing of satellite datadbta study of epidemic risk areas.
mining techniques presentsmajor challenge in the healtbector, The data mining process usualtpnsistsof three phases or

especiallyin epidemiology. Datamining is a processfor automatic  steps:(1) pre-processingor data preparation; (2) modellingnd
information discoveryin large databases Tan, Steinbach, & Kumar, validation; and (3) postprocessing ordeployment(Compiet, Di
2005. Data mining technique allow ta extract previoualy-  Martino, Bertdotto, Ferrucci,& Kechadi, 200). During the first
known patterns that can generate interesting knowleéigeyéd phase, the data may neexbme cleaning and transformation
Piatetsky-Shapirog& Smyth, 199§, such as risk areas (througk  according ta someonstraintsimposed by some toqlslgorithms,
maps) from huge databases eohtellite images. These patterns or usersOne has ta make sure that the dataftee of noise and
can be seenas a kind ofsummary ofthe input data, and will be some transformations are needed for visualizivgry large data
used in furtheranalysisto predict other casedor instanceexpand sets The second phase consists of choosing or buildingoael
the productionof risk mapsof epidemic on thewhole national that better reflects the applicatidrehaviour. Inotherwords, once
territory. a model ischosen or developedt should be evaluatedn terms
The three main phases of data mining are pre-tredfrireat- of its efficiency and accuracy of its predictive uks. Finally, the
ment, and post-treatment. Most of the work of data mining liethird stepconsistsof using the modelevaluated and validated in
in the postand pre-processing data: @ post and pre-processing the second phase, ta effectively study the application behaviour.
data, and 20% data mining techniques (applicatioralgbrithmg Usually, the model output requires some "post-processing” in
(Qin, Zhamy, Zhu, Zham, & Zhang, 2009, Zhang, Chergqi, & Qiang, orderta exploit it.
2003). Most data miningalgorithms donot know how ta handle In this work, we focus on advancedatabasesuch as satellite
numerical data but rather categocal data. Ta solve this problem, images databases whictcan be constituted by the three most
it is necessary ta discretize nenisal data. The discretizationis  common types ofsatellite images:Visible imagery, Infrared im-
the process ta convert numerical values into categorical values aagery, andWatervapor imagery(Fugazzi& Spokane NWS2008.
it is positioned in the pre-processing data phase. The discretizaherefore, it is a question ta produce risk maps and spread of epi-
tion is one of thecurrentproblems of data mining because it hasdemics, for that we propose a methodology which combines data
much more impact on the resulend therefore easily leadéa  on healthsystems andlatafrom the processing ofsatellite im
misinterpretations. ages. Thisproposed methodology ifocusedon the discretization
The structure of the rest dhe paperis as follow. We present phase, supervised classificati@md finally goodinterpretations by
theoretical background in Section 2 with an additional litera- associatingield data.



3. Stateof theart images by measuring the pigment part (chlorophgklstmg in
plankton. This approach is limited because the observation of

Satellite remote sesing in epidemiology (Tele-epidemiology pigment part in ail plankton does not meanl@@ the presence
is an interesting perspective in the mapping and eitind of  of chlorophyll. It should be specified the period andvhanany
epidemic and epidemic risk factor&lr(adi, Nimzing, Mark,& percent the chlorophyll is involved in ail cases of choiera epidemic
Onyedibe, 2011). We use remote seng data, to understand in region. It would be interestinto integrate field data to improve
choiera epidemic and its factors nagn@ater resources and field the precision and accuracyskiareas of arthropod epidemic. What
data to discover the risk areas of choiera epidemic. Often epidemiig certain is that Choiera is an acute diarrhoealctinfe caused
study areas are larger than a single satellite scene or may b ingesion of water or food cdaminated with the bacterium
discontinuous, particularly in floodingrotornado haard erents.  Vibrio cholerae. In the mostountries contaminated, Choiera is a
Liu and Hodgson(2016 proposed a spatial optingizon model to  seasonal epidemic usually during the rainy season, which is the
solve the large area satellite image acquisition planning problegase of MoptiMali).
in the context of hazard emergency response. The accessibility of the massive quantity of headidta (un-

From critical review of research literatur®lgbaso& Ndlovu, structured and multi-structured data) presents considerable
2012), one of actual challenge about epidemics diseases in generafportunities and challenges for the real-time tracking of dissase
was the development of operational early warning systems takirgredicting disease outbreakand detecting pathogens and causes
into account the impacts of climate-driven threats. Therefore, margf emegence (Asokané& Asokan 2019. Health human resources
applications were developedansakar and Hossai(2016 pre- have much to gain and a great deal to understand from the
sented a general review of applications based on remote sensifigployment of geospatial analysis and exploitation of generally
image through many themes such as land cover, land use mappiagfainable spatial daa sources for epi@miological modlling
carbon biomass assessment, food security, disaster managem@ny sustainable health monitagirsystem lalone John, Yang,
water resources, ocean management and health and air qualitponardo& Zhou, 2010). There is a strong need of new means
lo use an abundance of environmental data for human health for interdisciplinary data angdis, modelling and selection for
et al.(2015)developed the Epidemiological Applications of Spatial multidimensonal, complex settings and this may facilitate inno
Technologies (EASTWeb) for mosquito-borne diseases (e.g. Malarisative insights and responses to complex environmental problems
Rift Valley fever) based on data like temperature cipitation, (Lausch, Schmidt& Tischendorf, 2015. Earth observation data
spectral indices, and epotranspiration. This appliction does Vvaue addition proces for intelligent geo-informdon products
not proces really satellite images but it is more focused ceidfi implies four phases: (i) Earth observatioratad acquisition, (ii)
data. data processing (geo-information data mining and produ(tg)

In the purpose to contrai, prevent and eradicatien arthro- knowledge transformation for specific applicatiofiy) decision
pod vectors, depending on environmental factdesnison et support and policy formulation.
al. (2019 use multidisciplinary research incorporating climate, The deeloped methodolgies can contribute to the processing
geographic infomation systems, remote sensing, and ecology. Th@f land mapping over largereas, with data mining of remotely
triparite rdationships Environmnt-Climatehealth ae central to sensed imagery (Vieira et al.,2012). In order to improve the pr
the mapping of risk areas o epidemic. Ecolgicd factors with  diction accuecy of identification of landslide-rdated factors usig
Rift Valley were associated to produce Rift Valley fever (RviBk @ geograpkc informetion system data mining models can be used
map in Kenya llosomtai et al.,201§ based on remote sensing in conjunction with other models (e.g. artificial neural network
data. The main ecological variables are: Wet soit fluxes measure@nd Fuzg logic) (Song et al.2012). In such circumstances, the
Normalized Difference Vegetation IndeNOVI) and Evapoiran- data miniig techniques can bengaged to examine opographie
spiration (ET). The map gersted seems more to a Geographicaﬂd vegetative features for tlverifi cation of landslides implied by
Informaion Sytem (GIS) application with asupeposition of  Specific climatic condtions (eg. heavy rainfall) on tie regions of a
layers: the individual naps of three most signifiant variables are ~ country (Tsai, Lai, Cheng Lin, 2013. Regardless d the technique
produwced sparatly, and tte final risk mappimy resilt are derived ~ €mployed, there ae sone open reseach isdles in spafia data
from amalgamating these maps. Another GIS application was dBlning techniques such aslidity testing, the selection of relevant
veloped from the strong climate-fascioliasis outbreaks relationshigharacteristics, interpretation of modeland treatment of multi-
Halimi, Farajzadeh, Delavari, and Arba{#015)produce risk map dimensional data Arentze, 2009). Furthermore, various theories
of fascioliasis outbreaks in Iran using @#eshaw's fascioliasis risk (€.9 Probability theory Dempster-Shafer theory, Pesibility theory
index integrating a GIS. They find four &siasis outbreak risk and Rouh set theory) can be employed for dealing with umce
classs. This study focuss on the relationships between climate  tainties (eg. vague/ambiguous @ imprecise/inacurateincomplete
facta and fascioliasis epidemé, but do not ake into account information) in spatiel data analysis and geographic information
satellite remote sensing image procss. sygems (Tavana, Liu, Elmore, Petrny& Bourgeois,2019. Partic-

In the same domain of télé-epidemiology, et al. (2014 es- ularly, the extraction of complex models from multiresolution
tablish the impact of temperature on childhood pneumonia ifémote sensing images has to be enhanced bysidering hier-
Brisbane, Australia by using remote sensing data combined to daféehical stratgies (eg. involving segmentation and clustering) to
from emergency department visi{EDVs). Certainly, it mg be facilitate the possible diovely of more complex patterns with a
eay to use the quasi-Poissa generalized linear modd combired higher semantic levd (Kurtz, Passat, Gancarski Puissant2012).
with a distributed lag non-linear model, but ratler suitable for We ae focusing on the pre-treament, and ore of the chal-
discrete varisbles there is a needto have a dependent varisble ~ lenges of pre-streatmet is the disaetizaon o the inpu data
with a Pdssm distribution and it & difficult to check the amat ~ (Pitarch et b, 2013. Bad ahievement of this step recessarily
systematic dispersion problemiakahashig Kurosawa,2016). impacts the final resultsMisunderstanding or misuse of the

lo predict choiera epidemics in the Byh Delta region sing discretization in pre-treatment has the potential to interfere with
satellite remote sensingutta, Akanda, and Islan(2012) studied data miniy and post-treatment. Our discretization approach oc-
the variabilty on space-time of chlorophyll. Thedterium Vikrio ~ Ccurs onspatial dat pecifically on satellite imajes. Afte a better
choiera cainot be mesuredfrom smcedirectly. The choiera factor ~ Processof disaetizaton on satdlite images, we apply dta mining
maintained is the Chlorophyll, whiclis estinated from satellite ~ @gorithms to data base made up of satellite images.



6. Interpretation

- of results
1.BSatellite 2. Selection and 3.ARemote
data Transformation | i------ - sensing
acquisition of data | easurements | I
4. Discretization of 5.DataTreatment
L ] ] i data (Attribute ~ |---—- © Data Mining: e.g.
[ Acquisition of information from the field ‘ ta(bles) ( classifica?iong
7 association rules...
I LA The cgf 3.B Number of ‘ T )

| —characteristics | confirmed cases
the epidemic
Fig. 1 Procesto discoverisk areas of epidema.

4. Methodology and approaches adopted

The methodology consistsof six phasesas descibed by the
figure below (Fig. 1): the first phase starts with Acquisition of
information from the field about epidemic asdtellitedata acqui-
sition, the second phase concerns the selection and traragfon
of the useful data, the third phase describes remaisirge mea-
surements (@. the Normalized Differencéegetationindex(NOVI),

a function measuring the reflectanoé the planet in both rednd
near-infrared bandsynd the collection ofthe numberof confirmed
cases from the field, the fourth phase concerns the preparation
ail data by discretization techniques tnakingthem available for
the fifth phase concerning data treatmefth data mining algo-
rithms and finally the sixth phase is related to the interpretatior: .
of the results obtained by producing epidems& maps. Fig. 2. LANDSAT 8 Satdlite Sensor(15m).

4.1. A acquisitionof information [romthefield aboutepidemic the Earth but ail are sending a non-stop stream of datéhéo
surface: Landsaf(g. 2), SPOT. lkonos, ASTER, AVIRISAVHRR,
The acquisition offield information is donghrough thehealth ~ Quickbird, RadarSat, TMS, DTED or WorldView
facilities andfield specialists. The images of some satdlites are free, thisis the case of
There are two major types of information. Landsat(Fig. 2), which have the advantage of being available free
. . . ) . of charge bythe United StatesGeologicalSurvey (USGS). Once
= Number of confirmed cases (Epidemiological data of the)field gownloadedto the USGS website http:/earthexplorer.usgs. gov/
it is question to get the number of confirmed cases stored ifhe imagesare providedn the form of several tiff files, eacfile
databases from one location to another and from one p#&iod describesone band. Landsat 7 imagbsve 8 channels b bands,
anotherfrom health structures (healttiata). These data allow | gndsat Shave 11(Wulder et al. 2012). Each band is composed
seeim the evolution of the epidemic in different placasd at  of two attiibutes: the first one describes the division name's
differenttimes. o ) abbreviation of the infrared band and the second m@peesents
« The characteristics of the epidemiepidemiological diseases thewavelemth (Table ).
such as the epidemic of Ebola virus disease, Malaria, Choiera, Thjs informationrelatedto bandshelps us make better choice
Lyme disease... they ail have their special characteristics o select theuseful bands to thealalation of remote sensing

but they have incommon certain transmissionvectors. The indices. Subsequentlyve describethe selectionprocessand data
vector is the agent carryingviruses and bacteria froma given  transformation.

epidemic risk sourceo infect the population: birdsanimais,
ticks, mosquitoesflies, wams... . So, it needs to determine
the links between vectorand supportive environmenfsr the
emergence of these vectors; these environments are constantly
expanding due to climate change, harmful human activitie
(e.g. inappropriate land use practicesThe target sensitive
environments(water, vegetation, etc.) include some potential
risk areas thawill be detected by satellites.

4.2. Selectiorand transformation of data (data derived from imgges

The purpose of this step to identify and select relevant and
ﬁnportant data involved in the research of environmental factors
conducive to the epidemic. To make the selection of useful bands,
it is necessaryo have:

L . « information onthe origin and typesof environmentsconducive
It is important to analyze the emergence, propagation, and

o . ; . . . to the emergenceand spreadf the epidemic. This information
transmissionof infectious diseases arektablishthe relationsthat : merg 'SP P
) ; ) ; . . is provided by specialists
exist between the infectious diseases and the environment, ail us- . .
) - - . = satellite data of the study field
ing space technologilext step is the acquisition of satellite data.
From the viewpoint ofrangelandmanagementthe aim of a
4.1. Bsatellitedata acquisition remote sensingmethodis to extract information that isdirectly
related to amanagementjuestion or to create other ddéyers
There aremany satellites positioned around the globsome that areco-relatedto what you are eventually interesteth. Sorne
are geostationaryabove a region, andsone are orbitingaround approachesave beerproposed to analyzand make information



Table 1
OLI and TIRS spectral bands (LANDSAT 8) Thermal &fted (TIR).

Band Wavelength  Useful for mapping
Band 1-Coastal aerosol 0.43-0.45 coastal and aerosol studies
Band 2-Blue 0.45-0.51 Bathymetric mapping, distinguishing soi! from vegetation and deciduous from conifergetsation
Band 3-Green 0.53-0.59 Emphasizes peak vegetation, whisluseful for assessing plawigor
Band 4-Red 0.64-0.67 Discriminates vegetation slopes
Band 5-Near Infrared (NIR) 85-0.88 Emphasizes biomass content atmbrelines
Band 6-SWIR 1 1.57-1.65 Discriminates moisture content sbi! and vegetation;penetrates thin clouds
Band 7-SWIR 2 2.11-2.29 Improved moisture content of soi! ardgetationand thin cloud penetration
Band 8-Panchromatic 0.50-0.68 15 meter resolution, sharper image definition
Band 9-Cirrus 136-1.38 Improved detection of cirrusloud contamination
Band 10-Thermal Infrare(TIRS) 1 10.60-11.19 100meter resolution. thermahappingand estimated soi! moisture
Band 11fhermallnfrared (TIRS) 2 11.50-12.51 100 meter resolution, Improved thermal mapping and estinstéchoisture
Table 2
Definition of spectral indexesBands are designated the formula asR (Red),B (Blues), G (Green),NIR (Near-Infrared, and RE(Red-Edgé
Index Name Citation Formula
NOVI Normalized Difference VegationIndex {Tucker, 1979 {NIR-R)/(NIR +R)
NGRDI  Normalized Green Red Difference Inde (Tucker 1979) (G-RY(G + R)
GNDVI Greer Normalizec Difference Vegetatior Index {Mages et al.. 2004) {NIR-G){NIR +G)
SR Simple Ratio {Tucker & Sellers, 198p NIR/R
SAVI Soi!Adjusted Vegetation Indeft. =0.5) (Huete, 1988 {NIR-R)/(NIR + R+ L)}1+L)
EVI Enhance Vegetatiol Index (Huete et al., 200z) 2.5{NIR-R)/(NIR +6'R-7.SB + 1)
TV! Triangula Vegetation Index (Broge & Leblanc 20(0) 0.5] 120(N'R-G)-200{R-G)]
VAR! Visible Atmospherically Restantindex (Gitelson Kaufman, Stek, & Rundquist2002 (G-R)/(G+R-B)
NDREI  NormalizedDifference Red Edge Index (Gitelson & Merzlyak,1994 (RE-R(RE+R)

using satellite imagessuch as Vegetation Indices, Spatial Prediction
Techniques Kengl, Heuvelink, & Stein, 200¥, Thermal Remote
Sensing ProductgTahakata et al., 2009 Biophysical Parameter
Estimates, Classification Techniquéslrababah et al., 2006... (the
most known isVegetationIndices) (Anderson, Hanson, & Haas,
1993.

Sevealindices have beerdeveloped specifically fothe analysis
of remote sensingdata but inliterature, thevegetationindices are
the most usedBased on informatiorprovided by experts irthe
field, the choiceof the indices is made and thereafter, followed by
the selection data involved in the calculations of these indices

vegetationWhen atime series ofimages isobservedfor the same
area we can deduce thestress state ofegetation for different
values ofNOVI: in wintering or during droughts, values will be
lower than insummeror in timesof rainy seasons.

To calculate NOVI from Lansht image, forexample, you
combine the first three bandsjou get a conventional optical
image (RGB) and after join theband of nearinfrared. TheNOVI
calculation generated ammage file or layer, and this could be
realized through some softwarenage processing programng.g.,
ENVI, IDRISI,Matlab,R, EROAS Imagine) or Geographic Information
System (GIS) programs thatcan manipulate raster calculations

These vegetation indices use the principle of differentiatior(e.g,ESRIArcGIS,GRASS)

betweenareas ofvegetation with theisub-zones (e.g. forest and
arid zones)and water zones(e.g. Jake, river,and pond).In the
literature, different vegetationindices (Vis) havebeendeveloped
(Table 2 Prabhakara, Hively& McCarty, 201%: Rouse, Haas, Schell,
and Oeering (1994 proposed the Normalize®ifference Vegeta-
tion Index (NOVI) toestimatevigour of plants, Huete presented
a Soil-Adjusted Vegetation Index (SAY!) and, Roujean and Breon
developed a Renormalized Differens&egetation Index (ROVI).
A Triangular Vegetation IndeXTV!) was presented by Brogek
Leblanc, the Three-band Gradient Differencéegetiion Index
(TGOVI) was established byan et al.(2005) Normalized Oiffer-
ence Pond Index (NOPI) and tiNormalized Oifference Turbidity
Index (NOT!) are presented by acaux et al. (200) and Bicout,
Vautrin, Vignolles and Sabatier (20}5

Among vegetation indices approach, the NOVIwislely used
(Hobbs, 1995 Anderson et al., 1993NOVI is constructed from of
the Red(R) and Near Infrared (NIR) andhighlights the difference
betweenthe red visible band and theear infrared visible band
by using tre stardard equation:[(NIR — RED)/(NIR + RED)] (Tucker,
1979. This index is sensitivéo the stregth and quantity of
vegetationand thevaluesrange from-1 to + 1. Negative values
correspondto surfaces othethan vegetation zonesuch as snow,
water or clouds fowhich the reflectance inthe red is greater
than the neamfrared. For baresoi!, the reflectances roughly the
same magnitudan the Redand Near Infrared,the NOVI values are
close to O. Vegetation zonédmve positive NOVI values generally
between 0.1 and Q7. The values beyond.7 correspond tadense

4.3. Remoe sensingmeasurerents

Having opted for a remote sensing measurement @@VI),
we get thecorresponding imaget remote sensing measurements.
There is a need to extract theorresponding attribut¢éables from
composite data. For this, themre several methods(Gonzalez et
al., 2019 including the use ofatellite image processingoftware
(e.g. Envi software).

The attribute table of eachremotesensing data are continuous
values for each band values are between 0 and 65,535. Hawev
the majority of data mining algorithmdave difficulty in process
ing continuousvalues. Thereforethe continuous attributesmust
be divided into intervalsto accommodatehe decision rules. The
attribute data of thesatellite images and theevolving of epi-
demic databasesn the field must be preparedby discretization
techniqus for the next step

4.4. Discretization of data

In this step, data is transformed or consolidatedo forms
appropriate fodata mining procesWe havetwo typesof data to
discretize: epidemicaldatabase®f a number ofconfirmed cases
from Heakh structuresand remote sensingneasurements data
(e.g NOVI image fileor layel). When an image is createédrough
remotely sensed data,rieedsto go through someform of valida-
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Fig.3.The outcome of dicetizationon a sampléXie etal.. 201}

tion procedure using observational and or sampling techniques ta pixel with feature vectow belongs to class i, is given by:

incrsRgeethatranfitenae iprdre fNabinedatertingmetical values

into categoricalvalues: the continuous attributes must divided

P(
W

y=P(wli)P(w)

P(w) @

into multiple intervals to adapt to the data mining algorithm. Tgvhere P(wlj is the likelihood functionP(j) is the a priorinforma-
discretize remote sensing measurements data, the discretizatié®. i-€, the probability that class i occurs in teeidyarea and

algorithm based on information entropy proposed Xy et al.
(2016) is adopted. They define three steps to discresizrsing
remotedata: (i) Making a Decision tablgi) Breakpoint and equiv-
alence clasgjii) finally run the discretization algorithi@KNN) and
implementedin Matlab software. Disaetisation algorithm allows
subdividingeat band into several intervafsections)(Fig. 3). It is

important to resize images obtained with the Nearest Neighbour
resampling methadrhis is the ideal technique if the new image

P(w) is the probability thatw is observed,which can be written
as:
M
P(w) =_L P(wli)P(i)
i=l
where M isthe numberof classesP(w) is often treatedas a

2

\Y
normalisation constant to ensuke P(ilw) sumsto 1. Pixel x is
i=l

must undergo a classification since it then consists of the originaksigned to class i by the rule

pixel brightness and the simple rearranged in a positiogite
correct image geometryRichards, 1998 The processassignsa
value toeach correctegixel from the nearest gorreded pixel.
The gains of nearest neighbourinclude simplicity and the ability
to preserve ginal valuesin the unalteredscene.

After obtaining discretized data, next stemnsistsin estab-
lishing the correlation between the disaeti data from remote

sensing images and epidemical database of a number of confirmed

cases to discovered risk areas of epidemics

4.5, Data treatment

The method of data treatmentsspervisedclassification Clas-
sification models predict categorical class labels. The ciaasifn
is one of the main tasks of data mininghich is an inductie,
iterative and interaote process to disger in large databases of
valid data models, newseful and understandab(elan, Kambe,

& Pei, 201).

The datafor classfication are divided into two sets: adata set

for training sites and a data skir test sites to consolidate the

pattern found. We will use this pattern for classifying new areas

into two classes: epidemitsk or not an epidemic risk. Supervised
classification methods are useddgeneratea map with each pixel
assignedto epidemicrisk class or not epidemidsk class based on
its multispectral compositionThe classes areetemined basedn
the spectral composition ofraining sites defined by the user. In
this work, Digital image classificationand analysis was performed
using Envi imageprocessig software.

Description d the classification algorithm used: Maximum
Likelihood (Abkar, Shariji, & Mulder, 2000) (Richards, 1999)
(Ahmad & Quegan, 2012)

We used the most commaupervised classificationmethod
used with remote sensing image data Maximum likelihood clas-
sification based on generapproachBayes classification, which
statesthat a posterioridistribuion P(ilw), i.e, the probabilitythat

xeiif P(ilw) > P(jlw) for ail j == i 3)

ML often assumeghat the distribution of the dataithin a given
classi obeys a multivaria Gaussiandistribution. It is then conve-
nient to define tte log likelihood (or discriminant functioj

giw) =Pl w) = - (w - ;) 161w — 1)

N 1
= 2h(2n) - An(ICl) 4)
Since log isa monotonie functionEq. (3) is equivalentto:

Xeiif g;(w)>gjw) for ail j == i (5)

Each pixel is assigned to the class with the highest likelihood
or labelled as unclassified if the probability values are all below

a thresholdset by the userThe generalprocedures in ML are as
follows:

1 The numter of land caver types within the study area is
determined.

2 The training pixels foreah of the dedred classes arecho-

senusing landcover informationfor the study area.For this

measure class separability of the chosen traininglgi For

normally distributed classes, the JM separability measure for

two classeglii, is definedasfollows:

i =J2CEeey ®)
wherea is the Bhattacharyya distane@d isgiven by:

. 1
a t(CyiCl wyne 0

Jii rangesfrom 0 to 2.0, whereJU >1.9 indicatesgood sepa-
rability of classes, moderate separability for:1:Qu:::: 1.9 and
poor separability for Ju< 1.0

purpose, the jeffries-Matusita UM) distance can be used to



Fig. 4. Study area: Moptegion(Mopti departmenin red band).

3 The training pixels are then used to estimate the mean vectqiNHD) of Mali. The epidemiological disease considered is choiera
and covariance matrix of each class. and Mopti is the most affected region in Mali according to the
4. Finally, every pixel in the image is classified into one of the epidemiologicdataof NHD.

desired land cover types or labelled as unknown.
5.1.1. Theharacteristicsof theepidemic: choiera

_In ML classification, each class is enclosed in giae in mul- Choiera is a contagious epidemic enteric-bome infection caused
tispectral space where its discriminant function is larger than theﬁ the bacteriunVibrio choiera,or Comma bacillugliscovered by

of ail other classes. These class regions are separated by decisﬁ&ini in 1854 and rediscover,ed by Robert Koch in 1884r(s
boundaries, where, the decision boundary between class i andLéRocque Qadri, Ryang Calderwood, 201p Strictly limited tc;
occurs when: the human species, it is characterized by sudden and abundant
g;(w)=gj(w) (8) diarrhoea(gastroenteritisjeading to severedehydrations. Surveil-
lance and prompt reporting allow for containiolgoieraepidemics
rapidly (WHO, 200§.

CwW-pls'(w-p,) - In(2rr)- In(1cd)) - 200FE;j'ctors of propagation of the choiera epideflieo et al.,

(- (W -u,ifg l(W-/Li) - In@r- In (|C||)) =0 (9 » 78% ofcontaminationcases was bathing in rivers,
e The most affectedegions (Mopti, Segou,and I<oulikoro) are

For multivariate normal distributions, this becomes:

whichcan be written as: located along the Niger Riverand constitutethe core(starting
(W, )tel(w-py) - In(IG1) + w - u,i)thl(W-/Li) point) of epidemicsof choierain the lastthreedecades,
. e The most favourable period in Mali is the rainy season Uune,
-in(ldl)=0 (10) july, August).
_ This is a quadratic function in N dimensions. Heniéave con-  [ipglly, the geographicalenvironment) factor retained in the
sider only two classes, the decision boundaries are conic sectiog$cle of Mopti is the Niger River. It is a questitm determine
(i-e. parabolas, circles, ellipses or hyperbolas). the impactof the Niger River on the choiera epidemic during the

. rainy season
4.6.Interpretation of results y

] ) ] ) o . 5.1.2. Satellite data acquisition

Finally, the last step is to interpret maps epidemic risk which  gyqy Area:
must be made available to health structures or to the proper
authorities to better use. From 1995 to 2004Mopti region was the only one to be

After processing remote sensing data by the sumetvidassi- affectedby ail the choiera epidemics in Malocated on the Niger
fication method, we can obtain detailed accuracy by class on tiRiver (Dao et al.,2009. The study area concemsMopti town,
generated maps. These measurements of accuracy give the sucG®2 kmof the area. Moptis located infair Mid Mali, soit is a
rate in percentage of the applied classification. Indeed, it is a set efilminating point between Nortand South,with a population
maps from different periods (monthly or annual data) that are prasver than 368 512 peopléNGAT, 2009 made up of several ethnie
duced. During the same period of considered satellite images, tigoups around the Niger River to carry on activities trade, trans-
field data (in tabular form) of collected various cases of contamiport, fisheries livestock and agriculture. The Niger River crosses
nation of the epidemic (monthly or annual data) are also availablehe region and is joined by the Bani, an importaitiutary, at

From theresultsprovided byclassification andhe field data, it the city of Mopti. We focus on Mopti town with Path= 197 and

can be useful tomakea comparative analysis allowing to: Row=50 or Lat=14.5and Long=4.3 (Fig. 5).
» Better expain the obserwd trendsfrom field indicators, Satellite data:
« Specify thenature of the link betweenthe environment and
the epidemic, We opted for the Landsat archive satellite imageshef study

« Clarify the impact of environmental changes on the epidemic. area, and they are available for downloadhép//glovis.usgs.gov/
or http:/earthexploreusgsgov/ . It is able to download images

5. Case study: choiera epidemic in mopti (Mali) covering 30n?, after specifyiy the criteria: addrefPlace (Path
andRow) and date.
The case study is theegion of Mopti in Mali (Fig. 4), on the Although, the Landsat program cycie 16 days in the same

basis of indications providedby the National Health Directorate locality (scenes) some twentimages are produced each year



Fig. 6. NDVI file.

by scene Fu & Weng, 2019 However in our research, we took
into account thedomain expert knowledge who stipulates that
the rainy season ighe conducive periodo the choiera epidemic
particularly in july and August. Therefore. weusedone satellite
image per year while respecting the indicated periods.

5.2. Selection and transformation of data

After the download satellite data, the bandslectedto display
imagesare SWIR2 (Band’) Band,NIR (Band 5) and BLUEBand?2)
with Stretch(0.5% Clip) and Gamma (0.8)t can be applied some
correctionson satellite images suchs atmospheric rectifications
for better images processing.

5.3.1. Remote sensingieasurements

At this step, we generatehe NOVI file because NOVis the
best indexto make the difference between vegetatammd water
area [ig. 6) by using the NOVI formuldNIR — R)/(NIR+R) (Tucker,
1979.

5.3.2. Numbemfconfirmed cases

The Table 3below describes the confirmed cases from Health
Ministry structures Dao et al., 2009. During the decadé&1995-
2004", choierahas hit ail regions of Mali with variations across
regions andyears(Table 3and Fig. 7). Indeed, the regions of Mopti
(3412 casgsand Segou (1500 casesgre involved in almost ail of
the 2004-1995 choiera epidemiasth a lull in 2002 in Segou (no
case).

Kayes and Sikasso regions experienced fewer choiera outbreaks
between 1995 and 2004. Durinibis period, Kayes region experi-
enced a single outbreakith 3497 cases and Sikasso region two
outbreaks with 50 cases.

Finally, the case study concerisopti region, because it is the
most affected region of the choiera epidemic in Mali from 1995 to
2004.

5.4. Discretization of data

Prior to the images classification into twgroups (risk areas
and not risk area$, it is necessaryto preparesatellite images by
a discretization techniqgue and after resize data with the Nearest
Neighbour resampling methodRichards, 199p that are applied
to images obtained (SoftwareMatlab, Envi). For our study, the
Mopti town is considered, which means that ail satellite images
processeddescribed inrable 4 have the same Map Coordinates:

Upper LeftCoordinate:
Lat: 1431 52.16
Lon:-4142.64

Lower Right Coordinate:
Lat: 1428 38.42
Lon:-4104167

5.5. Data treatment: classification

The Table 5gives different results after supervised classification
(Maximum Likelihood) (Abkar et al., 200)

5.6.Interpretation of results

We presentthe results {able § Fig. 8 from classification
processstep andmake them availableby a codification system
(discretization) (Tables 7 and 8) for data mining technique that
allows good interpretatiorfTable 9.

Given a databasdTable 9§, the problem is to generateail
association rules that have support and confidegosater than
the user-specified minimunsupport (calledminsup and mini-
mum confidenceg(called minconf) respectively. An association rule
X==>Y is an observed regularities induceal form of implicative
relationship between tweets of items (i.e. binaryattributes) X
andY such that X and Y are disjoint, and that X is unorderedand
Y is unorderedThe support of a rule X==Y (i.e. the frequency
in the databageis the number of sets of itemse(iitemsets) that
contains XuY divided by the number of itemsets in the database
The confidence of a rule (i.e. the number of times a rule has been
found to be true) is the numbef itemsets that containXuy,
divided by the numbr of itemsets thatontainsX.

Many algorithms exisfor discoveaing associationrules (Kamsu
Foguem, Rigal& Mauget, 201} the best known beinthe Apriori
algorithm. Unlike the other algorithms, Apriori finds ail association
rules between frequent itemsets by adding to lasgés, and
pruning small set§lLuna, Cano, Sakalauska® Ventura, 201j
This is consistent with our objectivéo extract ail possible types
of rules forlater evaluation of the results e user.

For the general problem of mining thassociation rules, m
items potentially lead t@m frequent itemsets. Toaddressthis



Table 3
Distribution of choiera casesn Malifrom 1995 to 2004 by region.

(From 1997 to 2000, no cases of choieran Mali.)

Regions Number of confirmed cases Total
1995 1996 2001 2002 2003 2004
Kayes 0 3497 (63.1%) O 0 0 0 3497 (28.7%)
Koulikoro 57 (2.5%) 33 (0.6%) 0 0 99 (6.9%) 1(0.0%) 190 (1.6%)
Skasso 0 0 0 0 45 (31%) 5 (®%) 50(0.4%)
Segou 166 (7.4%) 453 (8.2%) 16(235%) O 645 (44.9%) 220 (77%) 1500 (12.3%)
Mopti 987 (438%) 735 (13.3%) 52 (76.5) 6 (100%) 597 (4B%) 1025(35.8%) 341 (28%)
Tombouctou  776(34.4%) 616 (11.1%) 0 0 36(2.5%) 1258 (44%) 2686 (22.1%)
Gao 234 (10.4%) 205 (3.7%) 0 0 0 351 (12.3%) 790 (6.5%)
Bamako' 34 (1.5%) 2(0.1%) 0 0 15 (1%) 0 51 (0.4%)
Total 2254 (100%) 5541 (100%)  68(100%) 16 (100%) 1437 (100%) 2860 (100%) 12,176 (100%)
= District.
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Fig.7. Distribution of choera cases in Mali from 295 to 2004 by region.

problem, the Apriorialgorithm usesan estimationprocedure in
order to determine the itemsets that should be meastireach
iteration. Thusan itemsetX of length kis frequent ifand onlyif
every subset of X,having lemth k -1, is also frequent; i.e.if an
itemsetof sizek is a frequent itemset, then ail the itemsb&ow
(k -1) size must also be frequent itemsets. This considerati
permits a significant reductioof the search space, and allows
rule discovery in a computationally reasonable tifRetes Ruiz,
Kamsu Foguemg Grabat, 2013

Let k-itemsetbe an itemsethaving k itemsLk be a set ofarge
kitemstsand Ck a set of candidateittmsets. TheApriori algo-
rithm is summarized inKig. 9). As describedn (Agrawal & Srikant,
19949), the first iteration of the algorithm counti#tem occurrences
to determine the large 1- itemsets. During the falhy iterations,
the large itemsets Lk-J found in tile - 1) th iteration are used to
generatethe candidatetemsetsCk, usingthe Apriori-gen function
(Fig. 9, which includes twgphasegaking asargument Lk-l union
and pruning. In the uniorphag, ail k-itemsets candidates are
generated. Thenjn the pruning phaseail candidatesgenerated
in the union phase withsome non-frequent(k-1) - itemset
are removed. Nesrtheless, tecaise of its popularity and good
performance, we havechosenthe classical Apriori algorithm for
extracting association rules in our application example.

The Association rulegienerated fronApriori Association Rules
Algorithm (Agrawd & Srikant, 1994 of SPMFsoftware (Fournier-
Viger et al, 2014) arepresentedn Table 9 According tothe results
producedby processing satellite image and compatimgmto the

field data,we can conclude that the level of the Niger River has a
impacton thevariation of choiera epidemic rate Mopti town.

More theriver level is high, at 66% therate of contamination
is high, and more theconfirmed casess low, then the risk area
is also low with a full confidence. More the confirmed casa®

ohigh then the risk area is also high with a falbbnfidence.The
underlying interpretation ishe societal factors that occur during
the wintering period: throw garbageand faeces in Niger River
causesbacterium Vibrio, the usédrinking and bathing of this
water cancau® thechoiera epidemic.

Mopti, crowded city, is located right in the heart of Mali, it
is a culminatingpoint between Northand South,made upof
several ethniggroups around theNiger River to carry on several
activities: trade, transporfisheries, livestock and agriculture. This
implies to continue the awareness andducation ofthe riverside
communities and improve theliving conditions to avoid the use
of contaminated water and food.

The satellite remote sensing in choiera epidemicMopti is
an interesing perspective to understand choiersepdemic and
its propayation factors namely dynamic changes occurrinip the
Niger River, combining to field data to discover the rishreas of
choiera

6. Discussions

The high rates of choierapidemic mortalityin Mali in general
and particularly Mopti is a challerge for health facilities to which
it is necessaryto equipitself with the epidemic surveillance tech



Table4
Satellite images pressed

NO IMAGES
AV AJLABLE IN
LANDSAT ARCHIVES
AT THIS AREA
FROM
199508/05-1998/02/18

*kkkkk

date: 1995/08/05 o date:2001/07/28
Landsat 4 Present LandsafZ SLC-on (1999-2003)

date: 2002/07/31 date: 2008819 date: 2004/08/21
Landsat 7 SLC-on (1999-2003) LandsafZ SLC-off (2003->) Landsat 7 SLC-off (2003->)
Table5

Results ater clas#fication.

NO IMAGE AVAILABLE
INLANDSAT ARCHIVES
AT THIS AREA
FROM
199508/05-1998/02/18

*kkkkk

Date:1995/08/05

Date: 200/07/28

Ground Truth (Percent) Ground Truth (Percent)
R.isk areas (Red): 17.24% R.iskareagRed): 16.75%
Not risk areas (Greer§276 % Not risk areagGreen):83.25%

date:2002/07/31 date:200308/19 date: 2004/08/21
Ground Truth (Percent) GroundTruth (Percent) Ground Truth(Percent)
R.iskareas(Red): 1473% R.isk areas (Red}]9.69% R.isk areas(Red): 23.93%

Notrisk areas (GreenB5.27% Not riskareas (GreenB0.31 % Notrisk areas (Green)76.07%




Table 6
Data base.

Years  Confirmed cases

Risk areas (%'100)

1995 987 1724
2001 52 1675
2002 16 1473
2003 597 1969
2004 1025 2393
Table 7
Codification system.
Confirmed cases Risk areas
Code Interval Description Code Interval Description
[0-350) Low 11 [09%-16%) Low
2 [351-700,  Mediurr 22 [77%-24%)  High
3 [701-1050°  High
Table 8

Database codified

Confirmed cases

Risk areg'100)

3

1
2
3

22
11
11
22
22

niqgues. Among the epidemic surveillance techniques, we proce%
satellite data to prevent and facilitate the management of aR0yend

Distributior of choier:case comparoito

riskarea
2001 2002 2003 2004
< Confi'medcases =Riskarez(%"100)

Fig.8.Data Baseorresponding graph.

Input: DatabasD

I) L1= {large 1-itemsets}
2) for (k=2;Lk-1 ¥ 0:k++) do begin

3) ek =apriorigen(Lk_1); Il New candidates

4) forall trarsactionst E D dobegin

5) et =subsetek,t); || Candidatesontainednt
6) for ailcandidaesc E etdo

7) c.caunt++;

end
Lk ={c Eedccount minsup}

epidemic crisis by earth observations. Earth observation is th?tl)Answer: UK LK

gathering of information about planet Earth's physical,

and biological systems via remote sensirigchnologiessupple-
mented by earth surveying techniqueacommssing the collec-
tion, analysisand presentationf data (Jnninayar& Olsen, 201k
There is theneed to minimize negatve
aong with the opportunities generated byearth observation(via
satellitedata) toimprove social and economiwell-being.

In the samelogic to discoveryrisk areas, Kazansky, Woodand
Sutherlun(2016 studied the current and potential role satellite
remote sensing in the campaigganst malara. The purposeis to

establish the miaria risk map to facilitate the management to the

impacts of epidemics

governmentand public ledth. The proposedmethodologyis bagd
on indicators fromsatellitesand othersourcesallowing establish
which regions are most likely to be at risk malaria. The main
inconvenientof this method is that it is difficult (impossibleto
implementa systemto predicting riskareas without integrating
data mining techniquego predict effective and efficient risk areas

with rates accuracy

In the purpose to provide thbest interpretation, Punia,
joshi, and Porwal (2011 identified 13 classes by decisiontree
classification, for the freeseasonsto explored the potential of
multi-temporal IRS P§Resourcesatpdvanced Wide FieldSensor

(AWIFS) data of landuseland caver for Delhi, India. The main dif-

ferenceis that they do notonsider field datarom domain epert

knowledgeto validate the proceds the presented methodology.
Hudak and Brockett(2004) use unstandarded Prindpal Com+

porents Transfanation (PCT) to reconstructthe fire history of

Table 9

Interpretaion of the resultsobtained.

chemical

apriori-gen(Lk-1)

12)forall itemsets & ek do begin

13) forall (k-1)-subsets ©f cdo begin
14) if (sfi. Lk_1ythen

15) delge c fromek
16) endfor

17)endfor

Fig.9.The Apriorialgorithm.

a semi-arid savannaktandscape in southern AfricaThey also
use a supervisealassificationto process Lansat satellite data to
differentiated burned andnburned areaddowever the only uses
of satellite im@es are not sufficient for bestaccuracy efficiency,
objectivity, and consistenclgecause fire severity mapsare more
dependent ostrongfield validation (White, Ryan, Key& Running,
1996) than maps ofire existence onot.

The approah proposd by PFitarch et al. (2016 combinesa
satellite image processingnd field data for looking for patterns
and mappig of agricultural lands in order to improve foamk-
curity eary warning systemgVintrou et al., 201). However this
approachhas limitations in is discretization phas and beause
the chosen discretization intervalswere too large to capture
texture temporalvariations and moreover recommendedfiner
discretization of these intervalBhe advatage of our approach

Associatiorrulesgeneated

Interpretaion

1=> 11#SUP: 2#CONF: 1

22=>3 #3JP. 2 #CONF: 0,66667

3=>22 #3JP: 2#CONF: 1

If confirmed casess low ([0-350)) Then riskareais dso low ([09%-16%)) with a full confidence (100%)
If the risk areais high ([T7%-24%)) Then confirmed cases is high ([701-1050)) with a good confidence(66%)
Ifconfirmedcaseis high ([701-1050))Thenrisk areaisasohigh ((17%-24%)) with afull confidence (100%)




compared to those iBicout et al. (201pis that we treat several
satellite images of the same study aceanbinedwith field data
collected over thesameperiods and thiss whatallows us to have
a better interpretation.

Cont:iu and Graza (2016 proposed a hybridystem for crop
classification from satellite images through a Voésed method
for conflict resolution in ensemble learning. We have saene
advantage by associate the domain expedwledge with mies
extracting from data bases to incredke classification accuracy.
We consider that the existing methods for processiatellite
images are mature and efficientso the challenge todays to
providethe most suitable meansllowing the best interpretation
of obtained results. For that, we focus supervisedclassification
algorithm (Maximum Likelihood) to procesa set of satellite

images from thesame area but on different periods. Maximum

Likelihood algorithm is the most commaupervisedclassification
method usedwith remote sensing image daf&ichards, 199),

based on the probability thatpixel belongs tca particular class.
However, thereare otherimage classification methodswith certain
characteristicsThe Minimum Distancealgorithm is also attractive

with the implementation in Mopti region, Mali (We&frica), to
discover choiera epidemic.

The main contributions of the paper are: disaébn in
the pre-processing phase improving the quality of the obtained
results, establishment of the link between the environment and
the epidemic, and identification of most risky aréasthe prop-
agation and emergence of the epidemic. This will allow national
governments, local authorities and the public healfficiais to
effective management according to risk areas.

As discusgesearchlimitations, it would be desirable to have
only good quality images, but from 2003 2604,only Landsat
7 ETM+SLC-off (2003-present) supplieithagesof Landsat pro-
gram. On May 31, 2003, Sean Line Corrector (SLC) in the ETM+
instrument failedcausing stripes on thenages(20030819 and
2004/08/21 hence its nam&LC-off (Wulder & al., 2012). The
stripes(zigzag have Jess impaadn theresults. Thereen stripes
above the River classified Not risk arégeeen)arefalsepositives
and shouldhereforebe classified intoRisk areas(Red), thus the
relativegrowth in percentge of risk areasproviding a reasonable
argumentation and justifies the outcomés.a medium-term

but it does not use covariance data. Another variant of Minimurperspectivethereis a need to improve the processingsgaitellite
Distance is the Mahalanobis distance, the difference is the use iofages namelyheimages with Jess quality to achiebhe desired

the covariance matrixThe parallelepiped algorithm method is
simple classifier for machine-learning tasks, however tloane be
significant gapsbetween the parallelepipeds; pixels in those
gions will not beclassifiedA deep learningor imageclassification
basedon neural networks havbecomenew revolutionin artificial

intelligence and relevant for severalomains:the audible or visual

aresults. Inthis work, we usethe samedataformat to collect
images fronsatellitesystems. Therefore, as futuesearch, wén-
tendto takeinto accounimagesfrom different satellites infuture
works. Processing satellitmagesfrom heterogeneasisourcess
alsoaconsiderable challenge for th@entific communities

signal analysis, facial recognition, disaster recognition, voice recogicimowledgements

nition, computer vision, automated language processiiigton,
Osindero,& Teh, 200§. Deep learning is aetof algorithmswhich
aims to mode! high-level abstractions databy using a deep
graph with multiple processing layergSchmidhuber 2015). Deep
learning classification seems more suited to pattern recognition
but they do not seem capable logical reasorng (Guo etadl.,
2016; Hachan & Bhiksha, 2015). The latest developmentsin deep
learning have shown promise for modelling static adatich as
computer vision, applying them to complex temporal datg the
risk areas of the images) is gaining increasing attentiangkvist,
Karlsson & Loutfi, 204).

Therefore, one of the bgge$ contributions of thepropcsed
techniqueis to alow the best nterpretaion of obtained results
taking into accountfield data.This study also demonstrated that
the Niger River has impact onthe evolution of the choiera epi-
demic in Mopti region, ail through the techniquafsremote sens-
ing from space for more precisely processuigatellite images.

7. Conclusion and related works

This work is supportedy a funding within thegrant of "Pro-
gramme de Formation des Formateurs tlesversitésde Bamako et
de Ségou'delivered by the MaliamovernmentWe want to thank
the two anonymousreviewerswhose significant comments have
contributed toimprove the contert of the paper. We congratulate
Shester GUEUWOU fohis linguisticability of proofreading as aa-
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