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Abstract

Spatially distributed agrbydrological models allow researchers and stakeholders to
represent, understand and formulate hypotheses about the functioning -ehegoomental
systemsand to predict their evolution. These models have guided agricultural management by
simulating effects of landscape structure, farming system changes and their spatial arrangemen
on stream water quality. Such models gatee many intermediate resulteat should be
managed, analyzed and transformed into usable informaiendescribe a data warehouse (N
Catch) built to store and analyze simulation data from the spatially distributetiyalymogical
model TNT2. We present scientific challenges to andstémr building data warehouses and
describe the three dimensions ofddtch: space, time and an original hierarchical description of
cropping systems. We show how to use OLAP to explore and extract all kinds of useful high
level information by aggregatinthe data along these three dimensions and how to facilitate
exploration of the spatial dimension by couplingCldtch with GIS.Such tool constitutes an
efficient interface between science and society, simulation remaining a research activity,

explorationof the results becoming an easy task accessible for a large audience.

Keywords: multidimensional modelingsmulation datagata warehouse, OLARater quality,

nitrogen,catchment, distributed agitoydrological model.

Software Availability

Name of software N-Catch(Nitrogen in Catchment data warehouse

Develofers : Tassadit ®uadiand Sylvan Dousset

Contact tbouadi@irisa.fr

Hardware requiredExperiments were performed on lawel Core i7CPU at 2.85Hz and 16
GB of RAM on aMac OSXplatform

Software required Therelational database management sys#y8QL, QuantumGIS (QGIS)
andMicrosoft Windows, Mac OSXr Linux operating system

Program languagePerl,Python

Software availability. sourcecodecan be providethroughcollaborative arrangements
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1. Introduction

Agro-hydrological models have beeisedextensively by researchers and stakeholdsrs
the scientific basis for environmental management by estimating nogoeirde pollution,
identifying source areas, predicting effects of climate and-lsedchangeand testing the
efficiency of mitigation plangto improvewater quality athe catchment leve(Ferrant et al.,
2014;Rode et al., 2010; Wellen et al., 201Bxtensive research has focused on improving the
ability of these models toconsiderthe heterogeneity of structures and processidisin
agricultural landscady representingheir spatial distribubns.

Thesemodels generata large volume of spatiemporal result®f various formats and
semantics. Generally, only daily flux and concentrations atdbkghmenbutlet are analyzed,
even though finegrained variable, temporal or spatial resoluti@repotentially available.

The main reasorior thisis a technologcal barrier that prevents éffent data processing. To
address this issue, efficient tools are needed to store, display and analyze this spatiotempora
information and turn it into useful knowledge that enables better understanding eof agro
environmental systems and adaptatitmmeetenvironmental targets.

Tools that analyz and visualie simulated data distributed in space and time could help
researchers and stakeholders explore effects of different scenanmstipte temporal and
spatal resolutiors, such as plot or sutatchment level, or for specific periods of the year.
Furthermore, they should provide the means to analyze and cooperatively identify effective
and locallyadapted solutions to improve water quality in agricultural catchments. For
illustration, scenarios that can be tested with dmydrological modelsnclude agricultural
practices, such as the introduction of catch sfdforeau et al., @12a) or hedgerow pgatial
arrangemen{Benhamou et al., 2013yithin a catchment. The water and solute rechartge
the groundwater calculated at the plot level redottm interactions between environmental
conditions and agricultural practices, which can vary greeattyssa catchment due to soil or
hydrological conditions. Exploring simulation data a useful means to analyze these local
interactionsif considering then is in the modelling structuregnd to propose specific changes
according to the location within the catchment.

To this end recent studies have shown hawvdata warehouse (DW) and Crne
Analytical Processing (OLAP) technologiese used to analyze environmental simulason
(Boulil et al., 2013 Mahboubi et al., 2010)A DW is a subjecbriented, integrated, tirne
variant, nonvolatile collection of datathat suppors the management decisiemaking

processes(Chaudhuri and Dayal, 1997;immon, 2005) DWs are emerging as a key
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technology for organizationseekingto usetheir data to keep track of activities and improve
data analysidDWs are usedi) to provide access to massive data accumulated over time from
many sources and in various formats (computer files, traditionabases, text documents,
etc.) and (ii) to support muldimensional data analysis to make strategic and tactical
decisions.DW users can extract trends and variability from the data according to various
criteria to better support decisiomaking orto discover hiddernnformation

FewDWs have been developedtire agraenvironmental sciencéébdullah, 2009Boulil
et al., 2013, 2014Nilakanta et al., 2008; Pinet et al., 2010hey support analyses of
agricultural dataalong different dimensionsNilakanta et al. (2008)levelopedthe National
Agricultural Resources Information SystddW for the Indianagriculturalsector. ThisDW
provides strategic and periodic information to researchers and plaonfaxslitate decision
making.Abdullah et al.(2009 developed an OLAP tool, ADSSLAP, to analyze mealybug
incidence on cotton cropsThe dimensional model of ADSSLAP includes different
dimensions for analysg the effecof climate,pesticide andeographyThese dimensions are
aggregated as a logical OLAP culvdth a classical multidimensional modd?®inet et al.
(2010) considered ways to use the Unified Modeling Language to design agricliysl
They presemd a method for designing BW and apgkd it to analyze spatial impacof
pesticide use in agricultur®oulil et al. (2013)developed a OLAP system to store and
analyze pesticide transfer dafaneratedt thesoil-column scaldy a model called MACRO,
to validate the model and compare resokdifferent versions of the moddBoulil et al.
(2014) then applied the OLAP system to analyzelata onstream water quality. The
architecturevasextended with complex aggregate functions used to define indicators.

Recent studies have investigated Spatial OLAP (SOLltARJudy stream water qualiin
rivers. SOLAP systems integrate advanced OLAPGaagraphid nformationSystems GIS)
functions in a unique frameworiki which explicit representation athe spatial dinension
allows users to visualize query resutsmaps and to use topological, metrical and directional
operators whelicingdmultidimensional dataBimonte and Miquel, 2090 Vernier et al.
(2013)considerech SOLAP system to characterize agricultural activities and calculate agro
environmental indicatorsSimilarly, Berrahou et al. (2015developed a solution that
facilitates spatiotemporal analysis of hydroecological #gtaonsidering different levels of
data qualitywithin the system. These studies show that -@gnaronmentaDWSs are rarely
developed. The most likely explanatifam thisis the difficulty in collecting field data in agro
environmental sciencesjncedata collection remains a slow aegpensive process$n the

past, DW and OLAP systemsvere usedmainly to analye obsered data. Their use for
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simulation data is poorly developed, particularly in the field of distributed modietpite
their potential utility.

This work aims to develop ethods to store, display and an&wmulation data obtained
from an agrehydrological model, and to design and implement operational tools for
researchers and stakeholders to represent, understand, explain and formulate hypotheses abo
the catchment sysm they studyFundamental to this applicationdsvelopmenbf Qvhat ifO
management questions meant to evoke possible outcomes in different sdengwidgvhich
plots and cropping systems emit tleast nitrogento air and groundwater?"). Since the
development of DWfor waterquality issues is quite new, we first present basic concépts
DWs, as well astudiesof OLAP, particularly inthe agreaenvironmental domain. Next, we
describe the MCatchDW, dedicated @ simulation data generated by the distributed -agro
hydrological model TNT2(Topographybased Nitrogen Transfer and Transformatipras)
processhased and spatially explicit modéiat simulaes transfer and transformation of
nitrogen (N) in agricultural cahments and predgtvater and N fluxes at a daily time step at
their outles (Beaujouan et al., 2001, 2002)e describe how thBW was designed and built
andwe usea casestudyto demonstratbow explomg simulateddata can be used to extract
knowledge to help users better understand driveksarhissions in the environmeni/e then

discuss the genality of the casestudy.

2. Main concepts o DWs and OLAP technologies

2.1. ADW asa multidimensional and hierarchical data model

DWs and OLAP systems are widely recognized as deesipport systems for analysis
of huge volumes of datgenerated by multidimensional model, which defines the concepts
of GactgDand Qlimension®(Kimball, 1996) DWs allow usersto deliver highlyaggregated
datafrom heterogeneous sourdesrespond tacomplex queries and perform anaysandin
thisway, discover implicit properties.

Facts represent the subjects of analysis and are described by quantitative Omeasures!
which are analyzed at different OgranularitiesO, i.e. at different hierarchical levels of the
dimensions(Berrahou et al., 2015; Sautot et al., 2015)r example,the fact Oagricultural
cropO can be represented according to three dimensions (crop, time and location) and
described by the measure Ocrop yieldO (K§. (Rég. 1). Dimensions represent measure

analysis criteria and allow measures to be viewed and analy@®ddifferent perspectives.
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Figurel : Example of a multidimensional data model with thdéeensions (crop (kCrop), time (Id
Time), and location (ld.oc)) and a measure (crop yield)

Measures at upper levels of a hierarchical dimension are obtained by aggrebating
measures at the next lower level in the hierarchy.

Aggregation functions (e.g., sum, average, maximecen) be defined for each measure in the
hierarchical data modelFor example, in a hierarchy associated witthe dimension

OLocation@achmeshbelongs to lot, and eaclplot belongs to a catchme(iig. 2).

Figure2 : Example of a hierarchical structure for the dimension OLocationO

During data analysis, users exploit tB&/ by considering different combinations of
dimensions and different levels of their hierarchies. To select the right data at the right
abstraction level, users express and submit queries fO\theGenerally, such queriadten
require scanninghousands omillions of records.Consequently, computing a query can be
highly time-consuming, while, ideally, the analysis process should be interactive. To reconcile
these two conflicting needse. a quick response to a query to a large databédseconcept
of a Qlata cub@ the central OLAP concept, wastroduced(Gray et al., 1996)to store

precomputed partial results. A data cube (or OLAP Cube) is aatiateaction that allows



166
167
168
169
170
171
172
173

174
175
176
177

178
179
180
181
182
183
184
185

users to view aggregated data according to a set of dimensions related detepnéned
structure. The cells of a data cube contain the measures selected fiovi #ueording to the
dimensions and their hierarchies. A data cube is generdimnensionalthough examples of
data cubes are ofterddmensionafor illustration purposs As in the previous example, data
cube representation of agricultural crop data with three dimen&omys, time and locatiop
can be used to calculate a measure, i.e. a crop foela given crop at different levebf time

and location with aum function(Fig. 3).

Time c )
o comn, 2909 2010 2011 _sum Cropo;?el g
100 / 200 /300 /Z 600
(}O Soybeans™— *— 7 France for
Rice /" /" /" three years
I"# ¢ g g /] in France
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c
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o
—
"# |
Total of yield for

all cropsand
for all countries
for the three years

Figure3: Example of a data cube for agricultural crops
2.2. Relational platforms of DWs, OLAP analysisand data cubes

DWs contain multidimensional and summarized d&&AP queriesare defined to
explore angerform complex analysis bgiteractively generaig different views of theedata
from different perspectives. OLAP operations aim to select planes frodWwhand change
the granularityat which data are observed. The main OLAPrafiens are OrelipQto move
to a more abstract level on one dimensiOdrilkdownO, the inverse of ralp, to move to
finer-grained dataOslice and dice® focus on data related to subsets of dimension values
and OpivotQo rotate the axes on witi data are viewed to provide an alternative display of
the dataFor example,wo OLAP queriesan calculatecornyield for three years in France

(Fig. 3) theyconsistof selecting(i.e. slicing the value "Corn'in the "Crop" dimension and
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the value "Franceih the "Location"” dimension They caralsocalculate the sum of yieldsf
all crops for three years in all countriessing roll-up operations on all dimensions of the
agriculturalcrop cubgFig. 3).

DW and OLAP data cubes are gengrathplemented in relational platforms consisting of
four tiers (Fig4): (i) the ETL (Extract, Transform and Loadvhich extracs and precompute
data from heterogeneous sources anddtam into theDW; (ii) the DW itself, the relational
database thattores the finest datéii) the OLAP serverwhich calculates data cubes from
the DW and (iv) the OLAP client which displays dataube information using tables
diagrams €.g.pie charts, histograms) and repdBsulil et al., 2014)An OLAP clientmakes
it easy tooptimize manipulationof the cubeto change focal areas, granularity, analyss
functions, for example. In addition, dataning tools are sometimes available to perform

trend analysis or predictions.

— Data mining Query/report Analysis
— Analysis
tools
Decision
Makers —
o=
OLAP
servers
Administrators
Data
warehouse

+(),-/(0%
1/)2%

=|| External

Figure4 : Typical DataWarehousing architecture




200 3. TNT2 model and NCatch DW design and implementation

201

202 3.1. The spatially distributed agrehydrological model TNT2

203

204 TNT2 (Beaujouan et al., 2008 a procesbased and spatialigistributedmodel designed

205 to capture spatial and temporal interactions of hydrological and agronomic processes
206 throughout catchments. TNT2, developed to study water and N fluxes in small agricultural
207 catchmerg (<50 knj), is dedicatedo improving understanding ofachment systemby

208 performing virtualexperimentgBenhamou et al., 2013;iao et al, 2016 SalmonMonviola

209 et al, 201}, including teshg effects of numerous and diversaitigation options proposed by
210 local stakeholdergMoreau et al., 2012bdr publicpolicy makers(Durand et al., 2006jo

211 decreasanitrate concentrationsat the catchmentoutlet (Durand et al., 2035Ferrant et al.,

212 2011; Moreau et al., 2013aas well ago support management and decismaking.

213 The TNT2 model comprises)(the generic soiVegetation atmosphere transfer model
214  STICS (Brisson et al., 1998)ii) the fully-distributed hydrological model TNT, based on
215 TOPMODEL hypothese@Beven, 1997)and (i) a susmodel adapted from NEMIGHZnault

216 and Germon, 2000; Oehlet al., 2009)hat simulates heterotrophic denitrification in soils.
217 More details about hydrological and agronomical-suzlel with each water and nitrogen
218 processes are described(Beaujouan et al., 200&almonMonviola et al., 2013; Ferrant et
219 al.,, 2016. To represent the heterogeneity of water ahdnputs and pathays, TNT2

220 performscalculations explicitly on a grid, fromell to cell. The catchment is thus meldd by

221 a cluster othreedimensionalcolumns, each corresponding to a pixel of a Digital Elevation
222 Model (DEM) of the catchment (Moreau et al., 2013). Each column is divided into two
223 compartmentsa soil layer andan underlyingshallow aquifer layerSoil and aquifer porosity

224  is determined P bothretention (micro) and drainage (macro) porositi¥ater flow in TNT2

225 ismodeled according to main hypotheses derived from TOPMODHhe hydraulic gradient

226 in each cell is constant and controlled by topograpimg he gradient is calculatl from the

227 DEM at the beginning of the simulation; ii) the hydraulic transmissivity decreases
228 exponentially with depthandthe model is based on a daily wabalance calculation for each
229 cell and computes an explicit cédi-cell multi-directional routinglwater in onecell can flow

230 to severatells), based on a D8 algorithm (Ocallaghan and Mark, 1984). Three ogttiows

231 are calculated for each cell in TNT® overland flow, resulting from soil saturation, which is
232 routed to the soil surface of the downslope cells; ii) exfiltration that comes from excess

233 groundwater and is also routed to the surface of the dopasells; iii) subsurface flow that
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comes from groundwater and is routed to the downslope cell groundwater. Water balance in
river cells is calculated as in other cells, but all the calculated outflows (overland flow,
exfiltration and subsurface flow)@assumed to be drained by the river and are routed directly
from the river cell to the outlet without any interaction with other cells. The travel time in the
stream is ignoredNitrogen processes in soil and aquifer layer compartment of non
agriculturalzones (urban and woodlands) of the catchment are taking account for. A part of
surface water and nitrogen flowoerland flow, exfiltration flow) from upslope cells and
rainfall input infiltrate in soil of noragricultural cells. The other part is routedthe outlet.

For nonagricultural cell as in other cells, subsurface flow of water and nitrogen, that comes
from groundwater is routed to the downslope cell groundwitedel inputs and parameters
include {) a DEM in raster format;ij a map in raster format delineating agricultyskats,
roadsandthe hydrological network;i{i) a mapin raster formabf homogeneous soil zones;

(iv) a map in raster format representing homogenous climate ,2oh&h allow climate
gradientsto existwithin the catchment(v) daily climate data (i.e., minimum and maximum

air temperaturg precipitation,potential evapotranspirationtotal solar radiation) for each
climate zone;\(i) 20 soil properties for each soil typethe soitzonemap and {ii) cropping
systems for eacplot during the simulation period. Cropping systesmsdefined at twdevels
(Leerhardt et al., 2010)i) crops and their successiavertime in eachplot, called a crop
rotation; and (ii) the crop management system (CMS), represeatirmgganizedseries of
cultivation techniques or crop operatiofe.g. sowing, mineral and organic N applications,
harvesting, grazing, mowing) applied to a crop to obtaiivengoroduct. A crop operation has

a duration defined by starting and ending dates, as agell chronological position in the
CMS in which it occurs.

Cropping systems were described by temporal sequences, allowing us to manage (i)
temporal relations between crop operations @MSs and between crop types and crop
rotations and (ii) multiple occurrences of the same element in the same sequence (e.g.
"fertilization” may occur ontwo different datesn a CMS) (Fig. 5). The model CSAM
(SalmonMonviola et al., 2012Wwas used tgyeneratecropping systems as input to TNT2.
Using CSAM, dassification systems for farms andtiii zation practices were defined to
classify farmlevel organizationfor cropsuccession an@MSs in particularN fertilization.

Winter cover crops and multiple agricultural strategies per crop at the farm level can be
represented. Cropping systems are matelth CSAM in three stepgi) model cropcover
succession in summer with Markov chafisaacsoret al., 1976pased on empirical data and

(i) in winter with rules based on expert agronomic knowleatg(iii) use, a Knapsackased
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algorithm (SalmonMonviola et al., 20120 allocate aCMS to plots, with constraintson

severalCMS of eachcrop type

3.2.Design of he N-Catch DW

Building an agreenvironmentalDW is a complex task: no relevant data should be
excluded in orderto avoidincorrector incomplete information in thBW. Therefore, the
architecture, measures, facts, dimensions anddi the DWmust be carefully desigdeWe
designed thdW using the opetsource business intelligence platform Pentalfeer. 3.5)
(http://www.pentaho.cony/ a highquality conceptual and technical solution. Specifically,
we used the Pentaho module Mondr{attp://community.pentaho.com/projects/mondrjan/
to design the related data cube. Mondrian is an OLAP engine that enables designing,

publishing and querying multidimensional cubes.

Figure5 : Description of the agricultural dimension of theQdtch data warehouse

3.2.1 Measures stored in théN-Catch DW

To studyhow agricultural practices influencl emissios to the air, groundwater and
stream water, measures the N-Catch fact table are composed of input dag ¢ropping
systems, catchment description, meteorological and hydrological parameters) and extensive
output datageneratecby TNT2 (i.e. waterfluxes and Nconcentratiorand fuxesat a daily

time step for each plon the catchment These simulated results are stored in two types of

10
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files: (i) N variables predicted by the modidr each operation.e sowing, fertilizing,
harvesting, grazing, mowing) fazrop sequencesn each plot throughout the simulation
period and (ii) water and Noncentrationsind fluxesat a daily time step for each plot. Out of
44 variables, 1@hatdescribewater and Nlux in thegroundwater and air, water and N stored
in the soil and groundwater and N denitrificatiare stored ilN-Catch(Table 1). From these
16 variables, we added two calculated measuhes correspond to N flux from soil to
groundwater and from solil t&ir, defined as:
NFIUX soiito csw= N_Atm- N_DenitBDN_Volat Ferti + N_Mine_Manure + N Mine_Grazing
+ N_Mine + N_Fix B! N_Soilwater + N_Fertilizer DN_Plant (kg.ha®)
NFIux soii o am= N_Denit+ N_Volat Ferti + N_Volat Manure(kg.ha")
With | N_Soilwater, thestock variation of itrogen stored in soil water storafiey.ha’). Each
variableis definedasin Table 1.

A threedimensional data model of-Natchincludes the dimensions tcation, time and

agricultural practicg as well aselectedneasure¢Table 1, as detailed below

Variable Description

GW Groundwater table (height from the impermeable layer) (m)
WSC Soil water storage capacity (mm)

N_Soilwater Nitrogen stored in soil water storage (kg‘ha

N_Weathered Nitrogen stored inveathered layer (kg.Ha

N_GW Nitrogen stored in groundwater (kg:ha

N_Fix Atmospheric nitrogen fixed by plants (kg:ha

N_Mine Mineral nitrogen resulting from mineralization (kgha
N_Denit Denitrified nitrogen (kg.ha)

N_Sequestre Nitrogenstored in organic matter (kg.fia

N_Plant Nitrogen fixed by plants (kg.Ha

N_Mine_Grazing Amount of mineral N returns from cows during grazing (keglha
N_Mine_Manure Amount of mineral N from manure (kg4ia

N_Volat Manure Amount of N from manuré& atmosphere by volatilization (kg-4ia
N_Volat_Ferti Amount of N from fertilizers to atmosphere by volatilization (kglha
N_Atm Amount of nitrogen from atmospheric deposition (kglha
N_Fertilizer Amount of N mineral fertilizer (kg.had)

Tablel: Description of 16 TNZ output variables

11
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3.2.2. The dimensions of th&l-Catch DW

N-Catch has three dimensions: spatial, temporal and agricultural.
Spatial dimensionThe spatial dimensio(i.e. location) is useful for quantifying interactions
such asthose betweermlot location and agricultural practices. InQwtch, the location
dimension has two levels: plot and catchment. TNT2 meug. crop, fertilizer amount,
operation date) and outpuie.g.N emissios from soil to air and groundwater) are available
at the plot and wholeatchment levels. Because of this dimension, any attribute of plot data
(e.g., soil type, surface area) is easily aggregaigidgclassical aggregation operators (such
as COUNT, SUM, etc9r specific aggregation functiores, thecatchment level.
Temporal dimensionThe temporal dimension is useful allow users to analyze effects of
changes inthe sequence of agricultural activities or egerih N-Catch, the temporal
dimension hagour levels: day, month, year and simulation period. Simulation results have a
daily time step, from which users caggregatesimulated results per montperyear or for
the entiresimulation period.
Agricultural dimension.The agricultural dimension is a key part ofQdtch, since the main
purpose of simulation is to predict impswof agricultural practices on stream water quality.
Cropping system data used as infuTNT2 were stored in thBW. We definefour levels
from these data: crop operatid@iVIS, crop type and croptation(Fig. 5). As an example of
the agricultural dimension, the crop operation "fertilization" appears in GMS
RGA_minPFPO <pasture, fertilization, mowingwhich belongs to the crop type "I&S

grassland” in the crop rotatioreern, catchlRG, wheat>

3.3.Implementing the N-Catch DW

DW tiers are generally managed using a relational database in whiclamgeguctured
following three main schema types: star, constellatiothisnowflakemodeling(IBM, 1998).
The first is the most common and consisfsa central fact and dimensions visually
represented by a star. In contrast, a constellation model mergeglensiir models using
common dimensions; it therefore includes several facts and common or specific dimensions.
Finally, the snowflake model is an offshoot of the star model: the fact is maintained, while the
dimensions are split into several tables agditwy to their hierarchies. The snowflake model is

required for flexible querying of complex dimension relations. Because this corresponds to

12
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our case studyhased on a set of multilevel dimensions with complex hierarchical structures

and relations, we chose the snowflake model to desi@atdh(Fig.6).

Figure6 : Multidimensionaldata model of the MCatch data warehouse

Once the preliminary stepse completedi.e., identification of user needsata collection
multidimensional model design), the ETL step is developed.

Extraction.The design of the data warehouse is driven by iseds and relevance of the
simuation data to them. A list of example user requests was made (e.g., "Which plots an
cropping systems emit the lowest amounts of N to air and groundwafes@&f)which TNT2
input and oytut variables were identified and loaded into the data warehouse. Finally, 16
daily variables (e.g. mineral fertilizer, organic fertilizer, N volatiii@a, N exported by
crops), three dimension@ocation, time andagricultural dimension and two flows, N
emissions from soil to groundwater and to the atmosphere (calculated from the 16 selected
variables), were extracted from TNT2 quit files. Scriptswritten in the Perl programming
language were used to extract the selected data from simulation results.

Transformation. The transformation of extracted data required fairly substantial
preprocessing, especialfi) adaping the structure of cropping system input datahtefour
levelsof the agricultural dimensiom the DW and (ii) calculatg nitrate and water balanse

from TNT2 output variablether types of transformations were performed on the raa dat
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decoding, claning, normalizing,de-normalizing, harmonizing and merging heterogeneous
sources.

Loading. The last step consists of loading and integrating the extracted and transformed
data into the data warehousEo perform this stepwe usedscripts written in thePerl

programming language

3.4. Visualization and exploration of the data stored in NCatch

There is a clear neddr tools to help end users visualize and explorergéerenced data
within large amounts osimulationresults(Boulil et al., 20B; Laniak et al., 2013). Maps
display information (&. distance betweetwo isolated phenomena, extent of a phenomenon,
shape of a phenomenon along a river bah&jwould not have beerevealed byusng any
other representation. In the case ofCHich, endusers have expressed the need to analyze
whetherthe spatialdistributions of processeshow patterns amonglots, hillslopes or sub
catchmerg and to examine the details ospecificregion to comparéhem tothose ofnon
neighboringregion.A mapusedas an exploration and visualization tb@comes decision
aid tool becauset is closerto the reality of endusersand requites less abstractignthis
increaseshe effectivenesef N-Catch(e.g.perform atio-temporal analysis as drillindgown
mapping comppnent of the spatitemporal datacube identify potential spatidemporal
patterns etc.) To this end to exploit data to their full potential, we developed a spatial
component in NCatch to allow user® view stored simulation data on a map by querying N
Catch,which thusfacilitates decision support.

Coupling cartographic components and online analysis requires new tools. Two
technologies represent potential candidates: GIS and SOLAP.af@fcations process
geographic informatignbut most of them have few or ndataanalysisfunctions Indeed,
some GIS can beonsideredligital mapping systems, while analysis is performed by external
software or plugins. The aim of SOLAP systems isdambine OLAP took (g.g. decision
support, graphics) with geographic tool®.§. mapping, geographic aggregators). SOLAP
systems can handle three types of spatial dimensions: i) descriptivehich the spatial
references are textuad.(). location name)ii) geometri¢ for which each hierarchical level
consists of a set of geometric shapeg.polygons, points)andiii) mixed, a combination of
the two previouslimensionsallowing for both texial and geometric references.

Processing mixed and geometric dimensions liesp redefinng OLAP aggregation

operators for such data. In the-Qwtch DW, the spatial dimension contains only two

14



393
394
395
396
397
398
399
400

401
402

403

404
405
406
407

408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426

hierarchical levels (plot and catchment]ltimately, N-Catch required onlycartographic
visualization of simulation resultthus spatiemultidimensional operatorserenot essential

and couplingof GIS and OLAP wassufficient. WeusedQGIS (http://www.qgis.org) which

is free GIS software shared under the GNU GPL. One of the main advantages of working with
QGIS is the ability tointegrate plugins that can enhance its features. To faciliste
interactiors with N-Catch and the spatial visualization tool, wseda plugin with a graphical
interface that allowsisersto select data from {Catch(variable, duratiorandlocation)and

view them on a map. This plugallows usesto create a new mgje. a new data layg¢mand

save it or to selectare-existing map.
4. lllustrating N-Catchin a casestudy

4.1. Study site and simulation procedure

The TNT2 modelwas applied to th&¥ar catchmentcomprisng 10 subcatchments, which
discharge into the "Lieue de Greve" bay, located in Brittavgstern Franc@-ig. 7). The Yar
flows towards the English Channel and draingeea 0615 km",of which 8% is urban, 28%
is woodlands and 649% agricultural land, the lattesxomprising4620 agricultural plots. Plot
boundaries were based on an aerial surkey2007, 194 farms had all or part of their
agricultural area in the catchment (Moreau et al., 2012b). Despite modeteite
concentrations around 6.8 mgN\Os.I™* (i.e., much lower than the 11.3 mgN\Os.I™ limit
defined by national and European directives), the coastal bay at the catchment outlet has
experiencedmacrealgal bloomsevery summer for the past 40 yeaffie physiographic
context and the hydrodynamic conditions (confined bay, low currentisg ifLieue de Greve"
bay makes it very sensitive tooastaleutrophication. In this bay, algae proliferation is
important because they are well fed by continentalit;y@ndmarine currentscamot take
them offshoreBetter understanding of catchment functioning requires detailed analysis of
effects of current cropping systems and chamgéisemon N emissions at different locations
and period, i.e. different spatial anttmporal levels. Data used for the case study, which
correspond both to input and output of the TNT2 model, span from 1 Sep 1996 to 31 Aug
2008. For this simulation (Moreau et al., 2012b), 16 output variables per plot orpk&20
were stored for 4380 days (i.20,235,600 records with 16 data fieldsth a total database

size of9 GB). Daily weather data were acquired from MZtZo France.
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Figure7 : Plot map of the Yar catchment, Brittany, France
4.2. N-Catch illustration

N-Catch can be used to analyze more deeply, in space and time, effects of agricultural
practices on N emissions to stream water #ralair. Benefis of the multidimensional
structure of NCatchareillustrated by considering each dimension, based on simulation data
from a 4386day period (i.e. 12 years), and demonstrating Ntaatch canreveal new

knowledgewithin each dimensian

4.2.1. Temporal dimension

The temporal dimension facilitates datggregation at different time steps, as well as
analysis of temporal dynamics. Dynamics of daily N emissions from soil to groundwater show
a seasonatrend with some outliers, while at a monthly time step, -deflned seasonal
differences appear, with a&hincrease in autumn and more frequent outliers during the re
wetting period(Fig.8). At a yearly time step, higher values occur during the beginning of the
simulation period, and differences occur among years, with hitgwes during 19961999
and 20052006 due to higher precipitation.
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4.22. Spatial dimension

The spatial dimension can be used to analyze spatial relations between measures, for
example, between those of permanent grasslaf@rdBsland) and temporary gsksd (F
Grassland)Fig. 9). In this example, the aggregation function used is the sum of sadulat
values over time, divided by the rotation duration, to obtaganvalues per year. A high
positive correlation (= 0.8) exists betweedenitrificationandN emissios to air, whilethe
correlation betweei mineralizationandN emissios to groundwatedepends otthe type of
grasslandfor the same amount of mineralization, N emisstorgroundwatearemuch lower
in permanent grasslands than in tempograsslandgFig. 9). A slight positive correlation (r
= 0.3) is observed between N emissiom groundwater and N mineralization; however, the
higher the amount of mineralization, the more variaskethe N emissiogto groundwater.

No correlationwas foundbetween fertilization and N emiss®ftom soil to groundwater, but
above a certaimmountof N fertilization (76 kgN.ha'.y™"), variability in N emissios to
groundwateramongplots increasegFig. 9c). The correlation between N emissginom soil

to groundwater and that to air is again scattered around two groups according to land cover
(Fig. 9d). For the same N emission from soil to,di emission from soil to groundwater is
much lower in permanent grasslands thmatemporary grasslas. Such analysis is interesting

andhasnever been performed in previous applications of TNT2.

4.2.3. Agricultural dimension

Consideringall plots in the catchment and analyzing daily variations in N emissions
from soil to groundwater reveals complex relations between agricultural practices and nitrate
leachingat the plot scaleThe aggregation function used in this case corresponds da me
daily N emission from soil to groundwater per month across the catchment. Differences
among crops arsmall (Fig. 10a), butthey do exist, such athosebetween wheat ancorn
Intra-crop variability is surprisingly high. For example, half of the mgnitlemissions from
soil to groundwater for potatoes vary strongly. This variability can be due to climate,
topographic position within the catchment or crop managenteifiects of agricultural
practices can be seen in variations in mean daily N emissyom $pil to groundwater per
CMS, which integrates crop type and crop operations at the catcHenwat(Fig. 10b).
Differencesare muchsmalleramongCMSsthan among crop types, which indicatieat crops

must be considered in their agricultural and environmental contexts.typleeof CMS
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479 particularly influences the presence of outlidtsCatch is particularly effectivat analyzing
480 variability in effects ofcrop managemeniglentifying high and low values and searching for

481 factors that explain them, anttimately proposng recommendatianor mitigation options.
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Figure8: Simulated temporal dynamics of N emissions from soil to groundwater a) per day, b) per
month, and c) per yedased on a 13/ear time series
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Figure9 : Process analysis at the plot scale: aeNitrification versus N emission from soil to air; b)
N mineralization versus N emission from soil to groundwater; c) N fertilization versus N emission
from soil to groundwater; d) N emission from soil to groundwater versus N emission from soil to air

4.2.4. Coupling NCatch with QGIS

In the previous exampledjsplayingplotsin a point cloud identified the most polluting
plots in the Yar catchmenhowever, plotID numbes provide limitedinformation Usess
should be able to visualize these plots on a map, for example, to knowogagraphic
position ina catchment (i.e. upper, midde lower part of the hillslopgand their extenn the

catchmentSimple visualization of this spatial query helps gagnderstand the phenomenon
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Figure10: Effect of agricultural practice dynamics on simulated N emission from soil to groundwater,
based on a 1gear time series, faemporary grasslover grassland with <40% white clové&t@-
WGC-les9 or >40% white clover in aboveground biomaR&{WGC-more, averaged over the entire

catchment and expressed a) per month or b) per crop management system.

For example,one canvisualize the sum of daily N emission from soil to groundwater at the
plot level for the hydrological year 199898 (Fig. 11)or the meandaily N emission from
soil to air forthe corn crop during 2003 (Fig. 2. In theformer, the highset amountsof N
emitted to groundwater afeequentlylocatedin patches probably by farmin thelatter, the
highest amounts of N emitted to air are scattetbtbughoutthe catchmentThis kind of
visualdisplay carhelp usersnteract with the model and develop hypothesssutcatchment

functioningandremediation.
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Figure1l: Sum ofdaily N emission from soil to groundwater at the plot level for the hydroloc
year 19971998 in the Yar catchment, Brittany, France

5. Discussion

5.1. Purpose, scope and geraity of the N-catch DW

N-Catch was specifically built to store simulated data from the TNT2 model, better
analyze effecs of agricultural practices on thdéandscapdevel N cycle at multiple
spatiotemporal levels and provide stratagformation for decision making.

In table 2,we present someharacteristics othe storage size of the-datch data
warehouseThe storage size of the-GBatch DW is increasng with the number ofplots,
agricultural operations and dayihis is due to its fact table size@(p*g*d) (p is thenumber
of plots,g the number of agricultural operations, ahthe number osimulationdayg which
induces asubstantial increase of the storage siz&l-Catch Also, in order to speed up the
execution time of ques and data retrieval, we us€i database indexesd. data structures

used to quickly locate and access the data in a database table) to improve execution time of
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Figurel2: Mean daily N emission from soil to air for maize in 2003 at the plot level in the Yar
catchment, Brittanyk-rance

queries by a factor of 5, to vary between 0,01 seconds to 0,4 seconds (a complex query
template leads to a significant increase in the query execution time), and (ii) materialized
views to improve query performance by quadculating complex query templates.q

expensive join and aggregation operations) and storing the results in the data warehouse.

Stored data Description
TNT2 inpu/outpus 9000 pocessed fileg8,9 GB)
N-Catch size 9GB

Database indexes 2,1GB

Materialized views 2,7GB

Table 2 Storage size of the-Catch datavarehouse
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530 The main methodological contributionsf this work include methods tdi) preprocess,

531 transform and load simulated data to D), describe agricultal practicesin an original

532 mannerby representindnierarchiesn cropping systemsand (iii) analyze simulation results

533 by combining spatiotemporal simulation data, data warehousing and online analysis. The
534 QGIS plugin associated with thiSW architectureallows enduses to visualize and explore

535 georeferenced datawhich has beendentified as an important need (Boulil et, 2013,

536 2014).

537 The N-Catch application can be used effectively to explore spatiotemporal dimensions of
538 simulation data; analyze aghydrologicalprocesses and extract relations between measures
539 and dimensions; provide finer analysis to help with decision making (i.e. improve decision
540 makersO access to data); and summarize environmental information and understand N
541 emissions by using comparative aruersonalized views of archived data. These
542 methodological contributions can be applied to a variety of-agwronmental issues and

543 situations. More generally, this approach can be used to analyze effects of agricultural
544  practices on water quantity andaldity as well as other environmental impacts. Generic steps
545 include identification of user needs, extraction of selected data from the set of simulation data,
546 dimensional modeling, and use of OLAP to access and exploit multidimensional and
547 aggregated data

548 This kind of DW tool is particularlyeffective whencommonrequests can be defined for

549 big-data environmest(i.e. when high data fluxes are involvaddexploredby infrequent and

550 predefined reques}s which is usually the case for agrenvironmental datgenerated by

551 simulatiors. Simulation generates numerowsata while queries are often small but

552 sophistcated This could beomeevenmore relevant when usingultiple sets of simulation

553 datg in which they would beonsideed asa set ofpotentialfuture realiies of the catchment

554 (eg.various land us agricultural managemeptacticesandclimatescenariok

555 Sucha set of simulationswhether forthe case studyor any other agroenvironmental

556 system would benefit from the tooldeveloped For sucha purpose, the original description

557 of the multiple levels of theagricultural dimension could beusal, sinceit is completely

558 generic.As basic dimensianof any spatially and explicitly distributed mod#ie spatial and

559 temporal dimensionaretherefore easily transposaleany modekimulatingat landscaper

560 regionallevels.

561

562 5.2. Limits and potential improvements ofthe N-Catch DW
563
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