R

\TE;
)

LS .
%
%07

hal-00618448, version 1 - 6 Sep 2011

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

Author manuscript, published in "Agriculture, Ecosystems and Environment 140 (2011) 382-394"

Simulating the effect of technical and environmérdanstraints on the spatio-temporal

distribution of herbicide applications and streaissks

Jordy Salmon-Monviol&? Chantal Gascuel-Odoud¥, Frederick Garci4, Florent Tortrat?, Marie-

Odile Cordier’, Véronique Massof, Ronan Trépos %2

L INRA, UMR 1069, Soil Agro and hydroSystem, F-350®énnes
2 Agrocampus Rennes, UMR 1069, Soil Agro and hydstsy, F-35000 Rennes
® Université de Rennes 1, UMR 6074, IRISA, F-350@hifes

*INRA, UMR 875, Unité Biométrie et Intelligence Kitielle, F-31326 Castanet-Tolosan

Corresponding author

Jordy Salmon-Monviola


http://hal.archives-ouvertes.fr/hal-00618448/fr/
http://hal.archives-ouvertes.fr

hal-00618448, version 1 - 6 Sep 2011

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

Abstract

Technical and environmental constraints on aguicalt practices can spatially and temporally
concentrate or spread herbicide applications, byeneodifying herbicide losses in stream water. This
study analyses the effect of such constraints aicsgemporal patterns of sowing and weeding
activities and, consequently, on herbicide losk&sjsing on weeding operations in maize. Machine
availability and farmer working time were considetechnical constraints, while weather and soil
conditions were considered environmental conssaiBtmulated experiments were performed with
the SACADEAU model, which combines a decision sutdehowith crop-growth and herbicide-
transfer submodels. The decision submodel desigmednjunction with agricultural experts contains
decision rules that distribute crop sowing and wmgdperations among fields. The model was
applied on an agricultural catchment in westerropey and the results were analysed over nine spring
periods. Simulations suggest that, in additiorettucing overall herbicide-application rates, sges
that modify spatial distribution of herbicide amaliions by reducing herbicide applications in
bottomlands could be particularly effective. Tengllyr distributing herbicide applications, for
example via collective machine management, alseffective. Finally, spatial strategies that focus
activities on a given area appear to be more efficthan temporal ones that spread activities over

time because the former are less dependent on eveaihditions.
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1. Introduction

To reduce the impact of pesticides on human heaith ecosystems, the French government
introduced the ‘Ecophyto 2018’ plan in 2008. Thenmabjective of this plan is to halve the current
use of pesticides in France by promoting agricaltpractices that use less of them. Herbicidesaare
particular concern since they represent one-thirthe current pesticide use in France. Maize crops
represent 7% of the national surface area and 1D%eocurrent pesticide use, and 75% of the
pesticides used on maize are herbicides. In regidtis the highest maize production, herbicides
represent most of the pesticides detected in riggubertot et al.,, 2005). Implementing effective
measures to reduce herbicide use and losses iallernge for agricultural and water management
(Campbell et al., 2004).

Many factors affect herbicide stream losses. Tteyle classified into four categories: (1) site-
specific factors - soil and hydrologic propertiesl ayeomorphologic characteristics of the catchment;
(2) weather factors - particularly precipitationdatemperature; (3) anthropogenic factors - land-use
and technical management; and (4) herbicide factochemical and physical properties and
formulation (Lerch and Blanchard, 2003; Mduller ¢t 2006). These factors have been analysed
individually (Muller et al., 2006; Reichenberger at, 2007; Freitas et al., 2008); however, their
interactions rarely have been studied. This diteiddi factors demonstrates that mitigating herhdcid
impacts can involve regulating herbicide amounts pooperties, but also involves additional
constraints related to their use in space or timset on site-specific, weather, or anthropogenic
factors. Such constraints on their use can conatentr dilute herbicide applications spatially and
temporally, thereby influencing herbicide lossekisTpaper aims to study how such constraints can
modify the spatio-temporal distribution of herbieicdpplications and influence herbicide losses,
possibly adding to the mitigating effects of simp#ductions in application rates.

Finding answers to this question requires agricaltand environmental impact assessments at
the meso-scale (i.e. catchments 10-50 km2 in di@eaccount for high landscape heterogeneity.
Agricultural landscapes include farms, which cami@imosaic of fields with various slopes and soils;

human infrastructures at field edges, such as gaigs, ditches, or hedgerows; and less-developed
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areas along streams, such as riparian wetlandseTélements now are known to either buffer or aid
in pollutant transport (Colin et al., 2000; Leuadt, 2004a and 2004b). Grass filter strips now are
commonly used in regulating herbicide losses at rieso-scale. Therefore, environmental and
technical constraints on herbicide applicationsuth@onsider all of these natural and anthropogenic
landscape elements.

Since field experiments are complex (Reichenbeegex., 2007), costly, and sometimes even
impossible to perform, particularly at a landscd@eel, a modelling approach is necessary. The
SACADEAU model (French acronym for “Systeme d’Acgjtion des Connaissances pour 'Aide a la
Décision sur la qualité de l'eau”) is used to tést effect of herbicide application flexibility
influenced by environmental and technical constsaifTortrat, 2004; Trépos, 2008). This model
represents biological, physical, and technical gsses involved in herbicide applications and their
transfer in a catchment. It combines three subnsodieé first two previously described by Gascuel-
Odoux et al. (2009): a spatially distributed tramsihodel (SACADEAU-Transf), which represents
biochemical and transfer processes in an agri@iltandscape, a crop model, and a decision model
(SACADEAU-Deci), specifically developed to test thffect of spatial and temporal constraints on
herbicide applications. Technical decision proceggnerally are not considered in herbicide-transfe
modelling (Keating and McCown, 2001), and simulatéxperiments often are based on unique dates,
few herbicides, and random spatial and temporalicgtipns (Huber et al., 1998; Du et al., 2006).
SACADEAU-Deci fulfils the requirement for represemnf and analysing effects related both to
environmental conditions in a catchment and adrical constraints on one or more farms, as well as
their interactions. In this model, sowing and wegdiecisions are made via adaptive sequential plans
that have resource and temporal constraints. Theehprovides agricultural interventions for sowing
and weeding (date, location) and herbicide-appboatharacteristics (substance, quantity) according
to a set of predefined strategies, including weadmel catchment conditions. Spatial constraints of
fields are related mainly to their topography amel pattern of agricultural structures, such as $aom
groups of farms. Temporal constraints are includsdch as rules regarding work-time and

agricultural-machine availability. Finally, weathegparticularly rainfall, modifies the decision to
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perform agricultural activities such as sowing amdeding. Consequently, the decision model
represents spatial and temporal constraints; thexefit provides realistic herbicide-application
distributions strongly determined by decisions ndividual farmers and driven by technical and
environmental variables. Consequently, the modedipts their effect on herbicides losses.

This study focuses on simulating maize-crop weedind herbicide losses to streams in the
months following applications to identify factorisat could reduce herbicide losses to streams. It
addresses two questions: (1) To what extent dateghconstraints such as availability of machinery
or work time, or environmental constraints suctog®graphic position influence herbicide losseg? (2
Can delineating the location or period of sowingwseding based on environmental or technical

factors further reduce herbicide losses?

2. Background
2.1. Site and data description

The study site, located in Brittany (in westernrfes), is the 15-km2 Frémeur catchment, which
has a 28-km-long stream network and a drainageitgenis1.65 km-kn? (Fig. 1). The slopes are
moderate, with gradients of less than 5%. The leequis is made up of a medium-density bocage (a
typical landscape often dedicated to animal pradnatith fields partially surrounded by hedgerows).
The soils are silt-loams with a mean organic-mattentent around 50 g-Kg The soil system
comprises a well-drained upland and a poorly ddhibettomland. The soil overlies weathered
bedrock 1-30 m deep that itself overlies fractuBgtverian schist. The physiographic setting is a
temperate region with soils displaying moderatl®toaggregate stability and shallow groundwater.

This study site is a few kilometres from the Naizatchment, which has similar physiographic
characteristics. This site is highly instrumentedd ais included in a long-term hydrological
observatory (http://www.inra.fr/ore_agrhys) (Molénet al., 2008) on which some hydrological
processes have been studied in detail. The sulbsuiifav is quantitatively dominant (Molénat et al.,
1999 and 2005), and Topmodel already has beenedpfiliere successfully (Bruneau et al., 1995;

Franks et al., 1998; Molénat et al., 2005). Thedtlyesis of a water transfer time of more than one
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year in shallow groundwater of the upper part efltillslope has been verified (Molénat and Gascuel-
Odoux, 2002), as well a rapid and highly varialbatamination of the shallow groundwater in the
lower part of the hillslope (Molénat and GascuebOx] 2001). Surface flow occurs during winter as
well as spring storm events, when soil surface itimm$ are degraded (Le Bissonnais et al., 2002).
Stream water contamination is due mainly to maiesbicides and occurs in spring (Clément et al.,

1999).

A Digital Elevation Model (DEM) of the Frémeur chtoent was extracted from an elevation
database for Brittany with a resolution of 20 m amals produced by stereoplotting panchromatic
SPOT images to a resolution of 10 m. The parcetrlayas digitised from the commune’s land-
registry map on a scale of 1:5000. The drainagevar&t was extracted from the 1:25000 IGN
(National Geographic Institute) map and the largistey map. Field surveys augmented this drainage
network by locating ditches, hedges, and grasded $irips.

Agricultural land accounts for 72% of the totalatahent area, the remainder being distributed
among woods, wasteland, residential areas, ands.ragggricultural land is distributed as follows:
maize (38%), wheat (29%), grassland (21%), andtabtes (5%); the remaining 7% includes fallow
land and potatoes. The catchment contains 37 faomgyhich 20 measure less than 20 ha. The
catchment contains approximately 2000 parcelsQ002 1420 were agricultural fields including 148
in maize. Agricultural and maize fields have a meaga of 0.8 ha and 2.7 ha, respectively. This
catchment, therefore, exhibits large variability feem and field size, presenting the complex
landscape mosaic common in western Europe.

We selected a 9-year period (1994-2002) to encosnpasti-year weather variability. For each
year, we focused on 1 Apr - 31 Jul, a period thatts with sowing operations and herbicide
applications in maize and finishes when high hedkiconcentrations in stream water generally are no
longer observed in the field or predicted in hdd@eransfer models. Rainfall during these periods
varied moderately (mean = SD accumulation = 219 #18n) (Fig. 2, Table 1). The frequency of rain
events, characterised by the number of days wittfialagreater than 2 and 10 mm, varied from 14-41

and 2-10, respectively (Table 1). The wettest yegnse 1994 and 1998, while 1996 was the driest.
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Past field observations provided accumulated-digghdata for the 1 Apr - 31 Jul period from 1998-
2002. For 1994-1997, daily discharge was simulaétedsing TopModel (Beven and Kirkby, 1979)
(Fig. 2). The application of TopModel to this catwmt for studied periods (1 Apr - 31 Jul) for the 7
years where discharge measurements are availa®®8-@004), is relevant, as evidenced by Nash
Efficiency criterion (Nash and Sutcliffe, 1970) @f75. Accumulated discharge calculated for the 1
Apr - 31 Jul period, which mainly depends on thiafedl during the previous months, varied from

0.03 min 1997 to 0.16 m in 1994 (Table 1).

2.2. Weed-management practices

We identified farmers’ weed-management practiceshen Frémeur catchment from a 2001-
2002 survey (Tortrat et al., 2004; Tortrat, 200%)e 75% of farmers for whom pig production was the
predominant activity usually followed simple, pr@ded weeding strategies recommended by
technical advisers. We identified three weedingtstries: (i) pre-emergence: a single herbicide
application after sowing (the most common); (ii)spemergence: two herbicide applications at the
three- and five- to seven-leaf stages of maize;(@dntermediate: two herbicide applicationseaft
sowing and at the five-leaf stage. Alternative teyges, such as mechanical or mixed weeding
(herbicide on rows and mechanical weeding betwees); were used by 20% of the 37 farmers, who
generally shared machinery within cooperative oiggions. Such innovative strategies, including a
zero or reduced herbicide application rate areadifepresent despite being considered time-
consuming and technically difficult compared toomwentional chemical weeding strategy.

The herbicides used depend on the specific weestiaegy. Forty percent of the farmers on
this catchment used two herbicides (Merot et @09, having integrated a spatial rationale for
herbicide applications: one on bottomlands (at fskstream contamination) using less mobile and
less persistent chemicals and one on uplands wiemicals considered more efficient. Fourteen
different chemicals (usually applied at recommencges) were used on this catchment, highlighting
the diversity of technical advisers from agricudurorganisations and private or cooperative

companies who work in this area.
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Herbicide application dates usually remained unkmd&cause farmers often did not record
them; thus, only general rules can be provided.lidafion dates are related to the weeding strategy
(pre-emergence or post-emergence) and, theretotiee tstage of maize growth, which is a function of
the sowing date and subsequent weather conditiorthe Frémeur catchment, sowing of each field
tended to occur either in early April or late Apdepending on its slope position. Fields at thitoino
of the catchment had hydromorphic soil, experiegéamger periods with wet conditions than soils on
the upper slopes. Therefore, to ensure soil wolikgbdowing and weeding operations generally were
delayed on bottomland plots. Weeding operationsgaeerally finished as quickly as possible, in
regards to working constraints at the farm scal@médtely, herbicide application dates tended to be
scattered inside different periods depending omfand weather constraints. Since 2007, farmers are
required to record herbicide application dates,thase data were neither collected nor analysed in
this catchment. Hence, such data are absent iliteheture, encouraging the use of a decision model
to predict them.

This survey revealed that techniques such as meglube herbicide application rate, adopting
spatial or temporal constraints on herbicide apgiim, and increasing collective management of
machinery or human work hours already existed ia tatchment. Consequently, quantifying the
efficiency of such measures and defining measuras ¢ould be emphasised to reduce herbicide

losses appears relevant.

3. The SACADEAU mode
3.1. Model overview

The SACADEAU simulation model was designed to tést effect of farmers’ decisions on
stream-water pollution by herbicides. The SACADEAtbdel combines three submodels that
simulate decision-making, crop growth and pollutaansfer (Fig. 3). The latter submodel will be
described briefly, as its description was publishgdGascuel-Odoux et al. (2009). In contrast, the

decision-model is new and therefore presented faild®ecision-model outputs constitute a portion
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of inputs to the transfer submodel; in contrastréhis no feedback from the transfer submodeléo th
decision submodel. Predicted water flows and hilbiconcentrations at the catchment outlet depend
upon the interaction of all submodels. Furthermtiie SACADEAU model has been included in a
meta-modelling framework to identify the main fastanfluencing water pollution and possible
mitigation recommendations, through machine-legyniechniques (Cordier, 2005; Cordier et al.,

2005; Trépos et al., 2005; Trépos, 2008).

3.2. Decision submodel

The decision submodel, designed in conjunction vidtbal agricultural experts, simulates
farmers’ technical decisions concerning maize ciogle spring, which include the sowing date and
weed-management factors (e.g., herbicides useds,datmounts, locations of herbicide applications)
(Fig. 4). As input, the decision submodel usessipettial distribution of maize crops on the catchimen
and the corresponding pre-defined sowing and weedinategies for each of these fields. The
submodel then simulates sowing and weeding aets/itn a daily time-step as a function of weather
conditions and technical constraints.

At the field level, the submodel relies on a tengpevindow approach that has been used in
other decision models, such as Otelo (Aubry etl898), Moderato (Bergez et al., 2002), and Déciblé
(Chatelin et al., 2005). This notion of temporahdows, or permitted periods for carrying out an
operation, represents the way farmers managerttiegiof a crop operation within the overall work
organisation on the farm (Chatelin et al., 200%)e Beginning and the end of temporal windows for
weeding are defined by crop growth predicted by d¢h@p submodel (Fig. 5). When the temporal
window for an operation is open, the model checkshefield daily to see whether an operation’s
weather conditions and technical constraints atesfesl. When all conditions are fulfilled, the
operation can be performed. We assumed that maspeed, availability of machines and working
time, and field area determine the total duratibeaxh operation. When the operation is finishid, t
operation window closes and simulation continuestimg for the next operation window to open on

the field, until the end of the simulation.
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Temporal windows for sowing and weeding

In the submodel, the date of sowing influences dbgelopment of maize and soil-surface
conditions, as well as dynamics of the crop andsfiex submodels. For each field, at the beginning o
simulation, an early-sowing (10 Apr, day-of-yea0}10r late-sowing (1 May, day-of-year 120) date is
defined. Weeding operations occur on one or sedatals, depending upon the strategy. For example,
the window for the pre-emergence strategy opertsajfiter sowing and closes 10 days later (Fig. 5a,
Table 2). If weeding cannot be performed during thériod, this operation is postponed to a new
window that starts at the 3-leaf stage of maizedigted by the crop submodel (Fig. 5a). Table 2
defines the temporal windows for sowing and the wemding strategies (pre- and post-emergence).
Parameterisation of these temporal windows was dbase farmer surveys and the expertise of
agricultural advisers. At the time of applicatiting submodel chooses herbicide types and doses from
a database based on each farmer’s weeding strategy.
Environmental and technical conditions

We assumed that farmers do not sow or apply heldscon rainy days and that machines
cannot work on a field when its soil is too westgport them. Thus, in the submodel, operations can
be performed only if daily rainfall is less thannin and at least 2 days have passed since it last
exceeded 2 mm (Table 2). The submodel also consadely working-time limit (T) for sowing and
weeding operations per farmer. To this limit, owvee 1) can be added to finish an operation on a
given field in the same day. We assumed that oné/rmaachine performs each operation on a field, at
rates of 1 and 4 ha per hour for sowing and weedéaspectively (Table 2).
Spatial organisation

The submodel allows organisation of machines aetfspatial scales (farm, farm group, and

catchment) to determine their use on individudtiie At the individual-farm level, each farm has it
own set of machinery and fields that do not chamger time (the current scenario of the Frémeur
catchment). At the farm-group scale, a farm thatdwmpleted its sowing or weeding operations may
share machinery with other farms in the group.h&t ¢tatchment scale, a downhill-slope index (Crave

and Gascuel-Odoux, 1997; Merot et al., 2003), diigimodified from the Beven index (Beven and

10
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Kirkby, 1979), is used to classify each field iretlcatchment as well-drained (uplands) or wet
(bottomlands). This index is a good predictor oflfomorphic soils (Merot et al., 2003). Since sall
workability is linked to soil water content (Rounsé et al., 1999) and this latter variable is coliéd

by topography (Crave and Gascuel-Odoux, 1997), ssuraed in the submodels that farmers first
work on upland fields of the catchment and then ertmvbottomlands. The submodel also can use this
index to fix the sowing date of each field. Incloglithese three spatial scales in the decision sdéimo
provided the ability to simulate the spatial armiperal distribution of agricultural operations oviee

catchment in a more realistic manner.

3.3. Crop submodel

The only prediction required from the crop submadddehe number of leaves on maize, which
determines the starting dates of temporal windawsmeeding operations. Leaf number is predicted
from cumulative degree days after sowing (Hammex.etL993) with a linear equation (i.e., 100, 200,

and 300°C to reach 3, 5, and 7 leaves, respeclively

3.4. Herbicide-transfer submodel

The transfer model, detailed in Gascuel-Odoux ef24109), simulates surface and subsurface
flow of herbicide in water, from its application @nfield to the outlet of the catchment. The model
separately calculates the discharge at the oufleéh® catchment and the amount of pesticide
transferred by surface and subsurface flow. Heisghdrge is considered a global dilution factor
affecting the amount of pesticide mobilised in skieface and subsurface flow.

Surface flows of water and pesticide are aggregatéide catchment level using a tree structure
linking the plot outlets and their contributing ase This spatial representation is based on aaspati
object-based modelling approach detailed elsew(iemgrat and al., 2004; Aurousseau et al., 20Q9). |
allows the upslope surface flow to infiltrate inwdtslope plots or linear networks. If present, these

linear networks, such as hedges or ditches, mdubith the flow direction and the location of field

11
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outlets, altering this tree structure. Accordingtis spatial model, only 125 of 148 maize fieldstioe
Frémeur catchment were connected to the streanothiee fields were considered total sinks.

Surface flow is controlled either by soil surfa@aling on the whole catchment or saturated
conditions in bottomlands. The latter is relatedhe subsurface flow submodel. The surface flow
controlled by soil surface sealing is estimatedhgighe concepts and tools developed in the Stream
model (Cerdan et al., 2001), an expert-based runoftfel using expert rules in the form of matching
tables characterising agricultural fields accordiagsoil surface conditions (roughness, soil s@fac
sealing, crop cover) to determine the soil inftia capacity. This model has been successfullg use
in a variety of conditions (Evrard et al., 2009).

The subsurface flow model aims to delineate sadraurfaces and estimate the amount of
pesticide reaching the groundwater. This is camigichby estimating the storage of pesticide afsthie
surface and a transfer coefficient depending onddmh of the water table. The depth of the water
table is estimated only on the lower part of th#slope, since water transfer time in shallow
groundwater is estimated to be more than one ywahé upper part of the hillslope, which is larger
than duration of the studied simulations (4-5 mehptfiopmodel is used to calculate a mean saturation
deficit at each point of the catchment, dependingdopographic index, which can be linked to the
water table depth. This submodel provides a datymate of the depth of the water table per plot,
grouped into different classes over the catchnienilly, subsurface quantities of herbicide coming
from these classes are aggregated into a singevaes of constant volume that is drained according
to a constant drainage coefficient linearly depenhdae the catchment’'s mean water table.

Water and pesticide transfer are coupled in a @nigay for the surface and subsurface flow. The
initial herbicide concentration in the soil is adlited assuming a complete, rapid, and reversible
mixing area between soil and herbicides. Herbidegradation is predicted using a first-order kimeti
equation with a standard half-life parameter. Befeach rainfall event, the herbicide quantity iih so
is calculated taking into account degradation amfase and subsurface transfer processes since the
previous rainfall event. A constant exchange coigffit between soil and water and a fixed area of

exchange is used to calculate the herbicide corateont of surface flow. Finally, the amount of

12



hal-00618448, version 1 - 6 Sep 2011

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

herbicide exported by surface and subsurface flokind rainy days is predicted, and the new amount
of herbicide stored in soil is calculated. This mloldlas been calibrated on the Frémeur catchment and

is partly validated by observations (Gascuel-Odetal., 2009).

3.5. Mode output

The SACADEAU model predicts two variables at théckeent outlet that are spatially and
temporally aggregated:

- Weeding Day Accumulation (WDA) is the differertoetween the last daydstWeedingDay)
and the first dayHirstWeedingDay) of herbicide application on the entire catchment:

WDA = (LastWeedingDay — FirstWeedingDay + 1) ) (1

- T-ratio is the ratio of the total amount of heitles transferred by surface and subsurface
routes to the catchment outlée(bicide output) over the total amount of herbicides applied o th
catchmentlgerbicide input):

> herbicide ouput

T-ratio =< — * 100 ©
> herbicideinput
t

WDA summarises the effect of different environmérdad technical constraints on the
temporal distribution of weeding operation, whilerafio summarises the effect of interactions
between the spatial and temporal distribution obtogde applications and the spatial structurehef t
catchment on the herbicide-transfer rate. Sincatib-is the output variable of the transfer subnhode
the accuracy and robustness of its predictions baes discussed previously (Gascuel-Odoux et al.,

2009).

4. Simulation experiments
4.1. Protocol of simulations

Simulation experiments tested temporal factorgedl#o availability of machines and working
time; spatial factors created by the spatial stmectof farms, farm groups, or the catchment; and

factors related to herbicide dose and proportiorfielfis treated (Table 3). All simulations were

13
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conducted using nine years of weather records Eiglable 3). To simplify the interpretation of
results, only one weeding strategy (pre-emergeand)one herbicide (dimethenamid) were chosen.
We set the properties of dimethenamid, a chloreadiet, as follows: sorption partition coefficients
between water and organic carbon, Koc = 26@'.g'r1n; standard half-life, DT50 = 20 days;

application rate of 1.6 L Agactive ingredient 1440 g Hadimethenamid).

4.2. Temporal factors: availability of machines and working time

Experiment 1.1 represented the baseline simulati@h no constraints. When conditions
allowed working on a field, the operation was perfed regardless of the predicted availability of
machines or working time. Subsequently, five satioh experiments were performed to study the
effect of machine availability (Table 3). Workingne was fixed at 8 hours, with a possible overtime
of one hour. Each machine was considered as @pelogtone person, which corresponded to 8 hours
of work. For these experiments, an early sowing deds set for fields at higher elevations of the
catchment (80% of the fields) and a later datefiglds at lower elevations. In experiment 1.2, one
machine was allocated per field. In experiment a&r&, two or four machines were allocated per farm.
In experiment 1.4, one, two or four machines wdtecated for the entire catchment (all farms
combined). In experiment 1.5, one, two or four niiaes were allocated for the entire catchment, but
machines also managed at farm level. Thus, whemna'd field needed to be worked and a machine
was not available on the farm itself, one was alfled if available from the catchment machine pool.
This assumption allowed several machines to beatiaol to the same farm at the same time. Once the
sowing or weeding operation was finished, the mazhieturned to the catchment pool. Finally,
experiment 1.6 was a modification of experimentit.&hich the spatial location of fields determined
the allocation of machines. When all upland figl8i8% of the fields in the catchment) of a farm were
sown or weeded, the machine returned to the catchmachine pool.

One experiment was performed to study the effectaoher working-time (experiment 2.1,
Table 3). It considered a maximum working time @&y of 4, 6, or 8 hours, with possible overtime of

one hour. The minimum working time was set at 4redo simulate the fact that farmers do not
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dedicate all their time to maize-related operatiéims these experiments, two dates of sowing amd on

machine per field were assumed.

4.3. Spatio-temporal distribution of sowing operations

Additional simulation experiments tested differsotving dates as a function of the topographic
position of fields (Table 3). For these experimgntee machine per field and 8 hours of working time
were assumed. Four scenarios were tested: ileddisfiwith an early sowing date (experiment 3.}); ii
all fields with a late sowing date (experiment 3iR) 80% of the fields with an early sowing dated
20% of the fields with a late sowing date, basedtlom topographic index as spatial criterion
(experiment 3.3); and iv) 150 replicate simulatiafisandom allocations of the late sowing date for
20% of the catchment fields regardless of locatmnntroduce more variability into the previous
scenario (experiment 3.4). This last experimenivad| us to analyse the effect of different spatial

allocation.

4.4. Per centage of plotstreated and herbicide dose

A final set of five simulation experiments testeiffedlent strategies of herbicide reduction,
either by reducing the number of fields treatetherherbicide dose (Table 3). For these experiments
two dates of sowing, one machine per field, an8ré of working time were assumed. The first
experiment varied the percentage of treated figlolsm 30-100% (experiment 4.1). Then, fixing the
percentage of treated fields at 50% (62 plots),immduced three types of random field selection,
performing 150 replicate simulations per year toidvhe effect of specific scenarios on the results
The remaining four experiments simulated ii) randsetection among all fields in the catchment
(experiment 4.2); iii) random selection of 25 battand fields and 37 upland fields using a spatial
criterion (experiment 4.3); iv) random selection6@f upland fields (experiment 4.4); and v) variatio

in herbicide dose on all plots from 15-100% (expennt 4.5).
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5. Results
5.1. Temporal factors. availability of machines and working time

Depending upon the year, predicted WDA values ddiriem 2-75 days (Fig. 6a and 6b), while
predicted T-ratios varied from 0.1-2.2% among afpeximents and years (Fig. 6¢ and 6d). The low
value and variability of predicted T-ratios indieathat a small proportion of herbicides were
transferred to the stream, regardless of weathedittons. The highest values of the T-ratio in all
experiments corresponded to the two wettest yd&@4(and 1998).

Predicted WDA values generally presented the saatierp, marked by low values in 1998,
1999, and 2000 and high values in 1995, 1997, &@2.2The T-ratio and WDA values showed
inverse trends: when WDA was short (4 days) thaticrwas high (1998) and, conversely, when
WDA was long (about 25 days), the T-ratio was |[d®95-1997, 2001, and 2002). But the variability
of the T-ratio cannot simply be explained by a kngriable (WDA), as was seen in 2000, when both
the predicted WDA and T-Ratio were low (Fig. 6a &ojl

Three groups of experiments with similar responsmdd be distinguished regarding WDA.
The first corresponded to experiments with any nemdf machines at the farm or catchment scale,
without any consideration of farm relations (expemts 1.1-1.4); among all years, predicted WDA
values remained below 20 days (Fig. 6a). The segoodp corresponded to experiments with only
one or two machines per catchment, but considehed spatial constraints of farm structure
(experiment 1.5) and catchment topography (experinie6 with 2 machines per catchment), for
which predicted WDA varied among years from 40-aysd(Fig. 6b). The third group assuming four
machines available with the same constraints (éxeats 1.5 and 1.6) presented intermediate results
(Fig. 6b). The values of the T-ratio could not bétslearly between these groups because of differ
trends from year to year. Therefore, the effeanathine availability on the T-ratio initially depsied
on the year. This was particularly well observe@xperiment 1.5, with one machine available for the
entire catchment. In this case, the T-ratio wdseeithe lowest (1994, 1996, 1998, and 2002) or the
highest (1995, 1997, 1999, and 2000) (Fig. 6d). @dwer collective machine management at the

catchment scale that also considers the farm soalereduce herbicide transfer significantly during
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some years by temporarily increasing in time ttstritiution of weeding operations like in 1994 (Fig.
6b and 6d).

The availability of working time as tested hereperiment 2.1) had no effect on predicted
WDA or T-ratio values, which were similar to thasethe baseline (experiment 1.1). Working time
did not constrain the spatial distribution of wegpdbperations and therefore had no effect on the T-

ratio.

5.2. Spatio-temporal distribution of sowing operations

Predicted WDA was short for both early and lateiagwFig. 7a). As expected, a scenario with
80% early sowing and 20% late sowing (experime8} §reatly extend this duration. However, this
experiment did not give the lowest T-ratio.

The effect of the sowing date on the T-ratio alspahded on the year (Fig. 7a). From 1997-
2000, this factor has no effect on the T-ratio, rehs the effect was large for 1994, 2001, and 2002.
Early sowing for all fields (experiment 3.1) gave tlowest T-ratio, except for 2001. The results for
the scenario with 80% early sowing and 20% lateisgyexperiment 3.3) provided a little higher T-
ratio than the experiment 3.1. Considering thigdatscenario (experiment 3.3), the results were
relatively similar when date of sowing of fields meselected randomly (experiment 3.4) (Fig. 7b),
except in 1994 and 2002 for which T-ratio was lgveerd 2001 for which it was higher. These results
show that considering different sowing dates, Witly. 7a) or without spatial criteria (Fig. 7b)ddi
not consistently lead to a lower T-ratio except &oparticularly rainy year like 1994 when early

sowing can be promoted.

5.3. Percentage and allocation of fieldstreated and herbicide dose

The T-ratio decreased as the number of weededfilddreased for all years (experiment 4.1),
except in 1997, when it was always near zero. Bhge of the decrease depends on the year (Fig. 8a).
It decreased from 2 to 0.6% and from 1.5 to 0.7%4,994 and 1998, respectively (Fig. 8a). A slight

decrease in the percentage of fields weeded frodntd ®0% led to a significant decrease of the T-
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ratio, particularly when the T-ratio was high, as1i994. Lastly, reducing the percentage of fields
weeded decreased the T-ratio more than reducingpplcation rate (Fig. 8a). Indeed, the results of
experiment 4.1 with 100 % of fields weeded wereilaino those of experiment 4.5, regardless of the
herbicide dose. In comparison to experiment 4.2erwh larger percentage of treated fields were
randomly selected from bottomland (experiment 413Jatio increased (Figs. 8b and 8c). When

herbicide applications were limited to upland fel@xperiment 4.4), predicted T-ratios were lower

than 1% (Fig. 8d), and the range of variation veagel than those of the other two spatial scenarios

(Figs. 8b and 8c).

6. Discussion
6.1. Utility, evaluation and improvement of the model

Developing and combining a decision model with ceom transfer models constitutes the
uniqueness of this modelling approach; it showd trebicide stream-water contamination is the
result of a conjunction of environmental conditipaach as weather and soil patterns, and technical
constraints, such as machine availability.

The relevance of a model comes from the innovatieasures that it can suggest or from the
support it can provide to stakeholders regardinggation measures. From this point of view, we can
emphasise the unexpected effect of machine avidyalmn predicted herbicide losses in our
simulations, which requires further investigatidde also highlight the comparison of the effects of
different herbicide-reduction strategies, which gegj the potential for reducing herbicide losses by
implementing spatial constraints on herbicide agapions.

The validation of such a model from observationshiallenging. A rigorous validation process
would require detailed data on the spatial and teaipdistribution of the quantities of herbicides
applied over the catchment. These data are nolablaiat the present time, especially not for glon
time-series, but they should be in the future, tioat recent regulations require recording quastitie
herbicide applied. In contrast, the elaboratiorihef model and the distribution of simulated sowing

and weeding dates were discussed with local ag¢mi@hlexperts, who deemed them coherent.
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A sensitivity analysis of the parameters was peréa on the allocation of sowing and weeding dates.
The number of replicate simulations (150 per yégig. 7b and 8b,c,d) and the length of the weather
series (nine years) covers a large range of enviemtal and technical conditions and yielded a
predicted T-ratio that ranged from 0.1-3.5%. Theesbed T-ratio ranges from 0.1 to 0.6 % for six
years (Clément et al., 1999) and therefore is teduin the range of simulated T-ratio. The larger
range of T-ratio is explained by a larger rangeswhulated conditions. Predictions were made
assuming an average herbicide decay-rate (DT5@)jt ould be useful to test a wider range of
values of this property, since they may influeneebltide losses greatly. Further experiments could
also be done to test the effect of spatial and eeallistribution of agricultural activities. Espaity,

the spatial rule ‘farmers first work on upland diglof the catchment, then move to bottomlands’coul
be relaxed or changed by analyzing its effects -watib and WDA values. This rule is adapted to the
studied environmental conditions where the bottand$ are longer wet than uplands, but could be
relaxed in other environmental conditions.

The model could be improved by including other psses such as the pre-sowing operations
of ploughing or seed-bed preparation. These prermgpwperations will influence the timing of
operations that follow, depending on soil type amglther (Leenhardt and Lemaire, 2002), and
influence water infiltration and surface runoff. sl strategies based on observations of weed
encroachment could be taken into account to adagidimg operations. This improvement would
require a crop model that represents weed growthcaop-weed competition. Adding equations to
quantify yield effects of the different strategialso could help test their acceptability to farmers
Functions to adapt the herbicide dose to weathaditons also could be added. Because of the
modular structure of SACADEAU, it has few limits tiee inclusion and the test of different or more
sophisticated models. Lastly, the output varialdeslied could be improved, in particular WDA,
which describes the duration of weeding operatlmrsnot the effective number of working days for
weeding or the spatial distribution of weeding @piens. To estimate spatial distribution, an eaqumti

that calculates the mean distance of weeded mdtetstream over time could be proposed.
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6.2. Interactions between agricultural practicesand weather conditions

The effect of weather on the WDA and the T-ratimlisvious but complex due to interactions
between weather conditions and the spatial digtabwf sowing and weeding operations. The effect
of rainfall amount and frequency during each ysdrigh. For the rainiest years of 1994 and 1998, th
T-ratio and its variability are highest due to fgdividual rainfall events and rainfall frequency

The date of one rainfall event can have a largecefin the WDA and the T-ratio. For example,
in the case of machine availability experimentssimulation experiment 1.6 in 1998 (a rainy year),
the WDA with one machine per catchment had a Igwedicted WDA (18 days, days-of-year 150-
167) than that with two machines per catchmentd®ps, days-of-year 103-167). Having one fewer
machine on the catchment moved sowing dates tingeraeriod in which pre-emergence weeding
became impossible, delaying the entire weedingrarodo the 3-leaf stage.

The distribution of rain also could have a sigrifit effect on the WDA and the T-ratio, as
shown when comparing the results experiments &ady(sowing) and 3.2 (late sowing) in the two
rainiest years (1994 and 1998). The predicted eamlying T-ratio was half that of the late-sowing T-
ratio in 1994 but not in 1998 (Fig. 7a), despitmikir rainfall amounts (Table 2). Analysis of the
simulations shows that rainfall events in earlyirgprl998 concentrated weeding operations around
day-of-year 122 regardless of the sowing date. €maly, the absence of rainfall in early spring4.99
separated weeding operations into two periods douprto the sowing strategy. Consequently, in
1994 predicted herbicide concentrations in the weite lower after early sowing than late sowing
because they had approximately 20 additional daygketjrade. The low predicted T-ratio for the early
sowing date in all 9 years shows that this daté Ibeged herbicide transfer; however, this effean
be madified by spring rainfall distribution.

Weather factors had smaller effects on the T-ratith low intra- and inter-year variability
when herbicide applications were located on upfalds (Fig. 8d). Analysis of the relation between
predicted WDA and T-ratio for all experiments aidyaars (Fig. 9) shows that these variables were

partially correlated in years of exceptional raihfd994 and 1998). In 1998, T-ratio increased as
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WDA increased, whereas in 1994, for WDA higher th@rdays, T-ratio decreased as WDA increased
(Fig. 9). In other years, the predicted T-ratiogeeh from 0.2-1% regardless of WDA.

Finally, rainfall can delay herbicide applicationsemporally concentrating them on a
catchment, and increase herbicide transfer to regelay increasing runoff; both of these rainfall
effects can increase the herbicide transfer ratioetter investigation of the influence of rainfatiuld
be achieved by using simulated weather in the mtieel specifies rainfall amount and frequencies,
and by improving modelling at short timescale. Sh&face runoff model operates at hourly timescale,
which does not allow the model to simulate corkectinoff and herbicide transfer when short and
intense rainfall events occur at minutes to fewrloscale. Not taking such flushing events into

account may lead to underestimate the water aruddide transfer.

6.3. Strategiesto reduce herbicide pollution

Despite strong interactions between agriculturdivéies and weather conditions, and high
inter-annual variability of T-ratio, which weedistyategies can be recommended? The results of the
numeric experiments have been aggregated ovelitbechosen years to compare them (Fig. 10). An
experiment is more effective as the median andver@bility are low, i.e. effective whatever the
climatic conditions. From this criterion, experinienwhich reduce proportion of plots treated
(experiment 4.1), especially by avoiding herbicafgplication bottomland fields of the catchment
(experiment 4.4), are particularly effective. Thigigation measure must be undertaken collectiagly
the catchment scale because it would not imphstimee constraints on all farms.
Among all experiments, variations in working timadhno effect because the 4-hours minimum was
sufficient to perform the operations due to smié sand low number of plots per farm, small farms
sizes and high machine-throughput rates. As thisabi® seems to be context dependant, the
application of the model to other contexts (largéwts, more plots, and more farms) could be
interesting especially to test the sensitivity listvariable to the context, and analyze the effdct

higher up to extreme of working time when condisi@me optimal for farmers.
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Similarly, machine management simultaneously at fdmen and catchment scales always was
sufficient to apply herbicide to all catchment diel(Fig. 6). As for the T-ratio, we can say that
working time and machine availability are often démensioned in simulations. A simulation

considering that only 1-2 machines per catchmeme\wable to distribute weeding operations over time
and halve the T-ratio from 2.2 to 1% in 1994 an@l tb. 0.8% in 1998 (experiment 1.5, Fig. 6d).

Collective machine management and constraints ochima availability could be considered as
potential factors to reduce water contaminationthédé stage of an exploratory approach. These
scenarios would have to be tested with a more aanpiop model to evaluate the effects of such
measures on crop development, yield, and weed reamag and evaluate their acceptability by

farmers and to analyse the variability regardirignatic conditions.

7. Conclusion

The decision submodel was developed to simulatsides of farmers for sowing and weeding
activities that take into account environmental staints such as weather and slope position of the
plots and technical constraints such as the avéiyabf machines and farmers’ working time. These
operations are performed during temporal windowseiftain conditions are fulfilled. The decision
submodel distributes a given agricultural operatwer time and space more realistically than random
or unique methods commonly used in numerical sitiaria.

Simulation results show that herbicide transferasonly the effect of the quantity of herbicides
applied, but of technical and environmental factifwst interact to concentrate or spread herbicide
applications over time and space. Herbicide trandépends greatly on annual weather conditions.
Collective machine management and an early sowatg dan decrease herbicide transfer, but their
effects vary according to weather conditions. Nbaletss, these practices could be promoted more
frequently. Spatial strategies that decrease tinebeu of fields in the catchment on which herbicides

are applied are always effective, particularly wherbicide applications occur only on upland fields
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Finally, our simulations indicate that modifying ethspatio-temporal distribution of herbicide
applications by considering environmental and teirconstraints does not automatically decrease
herbicide transfer rates, as assumed. The effeathofher flexibility in time and space in herbieid
applications appears to depend strongly on weatbeditions, generally becoming more effective

during rainy years.
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Figure captions

Figure 1. Location of the Frémeur catchment in esErance and land use of its 2000 parcels.
Figure 2. Rainfall (mm/day) and discharge (m/day)tlee study catchment from 1 Apr to 31 Jul for
1994-2002. The vertical dotted line shows the ta@pdiscontinuity between periods.

Figure 3. General SACADEAU model diagram. The Teratquals the ratio between predicted
herbicide output and input. WDA (Weeding Day Acclation) equals the difference between the last
and first days of herbicide application on the batent.

Figure 4. Decision-model diagrarkantn = rainfall threshold; duintaievens= day with rainfall higher
thanegainfai

Figure 5. Temporal diagram of decisions for (a)-gmergence and (b) post-emergence weeding
strategies. Plain brackets correspond to fixedsdated dotted brackets correspond to simulated
variable dates.

Figure 6. Predicted T-ratio and WDA from 1994-2@062simulation experiments 1.1 to 1.6. (mach =
machine). The legend of graph (c) is used for gi@)tand the legend of graph (d) is used for graph
(b). See Table 3 for simulation experiments ablatéms.

Figure 7. a) predicted T-ratio and WDA from 19942@or simulation experiment 3.1-3.3 (3.1: all
fields have an early sowing date; 3.2: all fieldwdn a late sowing date; 3.3: 80% of fields have an
early sowing date and 20% a late date); b) predicieratio from 1994-2002 for simulation
experiments 3.3 and 3.4. Standard boxplots shoiahility of predicted T-ratio from experiment 3.4.
See Table 3 for simulation experiments abbreviation

Figure 8. a) predicted T-ratio from 1994-2002 whée percentage of weeded fields decreased
(experiment 4.1). Standard boxplots of predictedhfic from 1994-2002 with 50% of fields treated
with b) random choice from all fields (experimen2) c) random choice of 25 bottomland fields and
37 upland fields (experiment 4.3); d) random chait62 upland fields (experiment 4.4).

See Table 3 for simulation experiments abbreviation

Figure 9. Comparison of predicted WDA (Weeding Bagumulation) and T-ratio for all simulation

experiments by year.
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Figure 10. Standard boxplots of predicted T-radiodil experiments with all years aggregated. See

Table 3 for simulation experiments abbreviations.
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