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Abstract

Abstract

Mathematical fate models have been developed and validated to simulate the trafisport
contaminants in temperate regions but little is known about their applicability in the tropics.
Different models were applied to simulate brominated flame retardants in Colombia and the UK and

to identify differences in model application and drivergwiissions in both regions.

Emissions of decabromodiphenyl ether (decaBDE) in Colombia and the UK were estimated and
suggested large releases to wastewater textile-dizating and waste management stages. Emission
data were used to study the partitionofgthe flame retardant with a fugacity approach. Fugacity
results from Colombia were in agreement with sediment concentrations from the literature for the
outlet of the River Magdalena. GREAIR was also applied to simulate decaBDE emissions in the
Calder catchment; the model showed good potential for the simulation of the flame retardant.
Monitoring of polybrominated diphenyl ethers (PBDESs) in sediments in the Calder showed that
decaBDE represented the vast majority of PBDEs analysed (>90%) with increasgentrations

moving downstream.

A modelling framework with fielescale models using MACRO was developed to simulate transport

of six contrasting herbicides targeted by a management programme in the Wensum catchment ir
eastern England. The catchmepnak model SPIDER was also used for comparison. Preferential
flow was the main driver of pesticide transport to water. A fairly good simulation of the flow was
achieved (model efficiency, E = 0.6 for MACRO and 0.4 for SPIDER) but variability in pesticide
simuations was observed due to uncertainties in input parametestrelim processes had little
effect on pesticide simulations from either model. Modelling showed that most of the observed
reductions in pesticide transport to the river (ca. 80% decreasede2006 and 2011) can be
explained by changes in weather and flow in the catchment during the study period, but an influence

on management practices cannot be excluded.

AnNnAGNPs was applied to simulate triazine loss to the River Cauca from sugarcare,amai
sorghum in the Cauca Valley of Colombia. Runoff was the main driver of pesticide emissions to
water. Satisfactory simulation and validation of the hydrology was achieved after little calibration (E
= 0.7). A fairly good simulation of pesticides wgenerally achieved, but some patterns in the
measured data could not be simulated. Use of grab samples resulted in uncertainty in measure
concentrations. Implementing best management practices was predicted to reg8¥ineauction

in triazine losseswhilst replacing triazine herbicides resultedaim87% reduction when expressed

as a proportion of the total pesticide applied.

Uncertainty analyses of sensitive input parameters were carried out for the applied models. Their
impact on simulations was emmical and situatiorspecific. Recommendations for future research

are provided to improve modelling of chemical fate in contrasting situations
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1. Introdudion to environmental contaminants and mathematical fate modelling

1 Introduction to environmental contaminants and
mathematical fate modelling

Human society has produced and released into the environment a wide variety of natura
and synthetic chemicals for different purposes. Whememecal is introduced into the
environment (mostly undesirable) or at concentrations above background levels,
contaminationmay take place; however, the substance does not need to be harmful to be
considered a contaminant. Some of those contaminants agaa eavironmental pollution

by damaging human health and natural resources and disrupting important processes an
cycles of ecosystemg§Schwarzenbach et al., 2003The introduction of undesirable
elements into any of the natural resources and damage to ecosystems that arises as
consequence is callegollution. Therefore, a pollutant is anpotential undesirable
biological, physical or chemical substance that is likely to cause harm to the surrounding
ecosystem. Waste management (e.g. dump sites, waste incineration, leaching of wastes fro
landfills, wastewaterdirect discharge of industriavastes to the soil), accidents (e.g.
rupture of underground storage tanks, leaking fosinrand fuel dumping), and leaching and
runoff through soils into aquifers from the intensive use of pesticides are some of the most
common sources of pollutioiSchwarzenbach et al., 2003The concern related to
environmental pollution involves human kba effects from direct contact with
contaminants or following transport from their source to human settlements or to vulnerable
ecosystems as well as disruption to natural cycles and other negative impacts on nature

resources.

There are thousands of difent types of chemical contaminants. Well known contaminants
include heavy metals, synthetic organic substances, pesticides, persistent organic pollutant:
petroleum hydrocarbons, solvents, components of detergents, dyes and varnishes, additive
in plastcs and textiles, chemicals used for construction, antifouling agents and
radionuclides. Emerging contaminants such as veterinary and human antibiotics,
pharmaceuticals, steroidal hormones, nanoparticles and brominated flame retardants (BFRs
are relativelynew contaminants of concern, particularly because these chemicals are
starting to be discovered in the environment where previously they had not been detectec
(US EPA, 201}

Once contaminants are introduced into the environment, they are subject to complex

physical, biological, and chemical processes that are highly varrakjeace and time, and
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1. Introdudion to environmental contaminants and mathematical fate modelling

which can transform and transport them within and between environmental compartments
(soil, water, sediment, air and biota). The transport of contaminants in the environment is, in
itself, very complex and is affected by many facteush as the weather, proximity to a
water body, erosion, and presence of microorganisms. As a result, the fate of contaminants
can only be elucidated and quantified after multiple and complicated measurements,
followed by intensive experimentation, which often complemented with the use of
mathematical simulation modglBosi and Fondazione, 200 Mathematical fate modelling

is the use omathematical equations in order to describe the transport of contaminants in the
environment. Models that are able to realistically represent the fate and behaviour of
contaminants in the environment are useful tools for environmental s{@tiescombe,

2010. Models can provide an understanding of the fundamental processes that control the
fate and transport of contaminants in the environment. Physizatigd models arthe

most comprehensive since they are more widely applicable to different environmental
conditions; empirical or conceptual models can also be useful, but more attention should be

taken in checking their applicability when being used in different regions

1.1 Brominated flame retardants

Brominated flame retardants (BFRs) are organic chemicals containing bromine that are
incorporated into polymeric materials such as plastics, textiles and furnishing foam in order
to decrease their burning potential and achiegh levels of fire safetyRahman et al.,

2001, WHO, 1997. It is estimated that to date at least 75 diffe@nhmercial BFRs have

been producedCovaci et al., 20L1Alaee et al.,, 2003 Health concerns for BFRs in
humansinclude endocrine disruption, altered behaviour and learning, neurotoxicity and
thyroid system perturbatiofViberg et al., 2006US EPA, 2003bHallgren and Darnerud,
2002 Kester et al., 20Q2/iberg et al., 2002Eriksson et al., 20QHallgren et al., 2001 In
addition, most of these chemicals are persistent, lipophilic anédoiomilate in the
environmen{Covaci et al., 201;1Brooke et al., 2009e Wit, 2002 Rahman et al., 2001

Most of the studies on BFRs have focused on three groups: polybrominated diphenyl ethers
(PBDESs), hexabromocyclododecanes (HBCDs) and tetrabromobisphe(oBBPA).
Polybrominated diphenyl ethers like pentabromodiphenyl ether and octabromodiphenyl
ether formulations were banned in 2003 in the European Uloective EEC., 2008

Since 1 July 2008 decabromodiphenyl ether was also banned in electrical and electronic

applications (European Court of Justice, 2008ahe compoants of the commercial

30



1. Introdudion to environmental contaminants and mathematical fate modelling

formulations pentabromodiphenyl ether (tetra and pentabromodiphenyl ether) and
octabromodiphenyl ether (hexa and heptabrontatiyl ether) were added to therBistent
organic pollutants (POPSs) list of the Stockholm Conventi@shton et al., 2009 Even
though the manufacturers Chemtura and Albermaaige rannounced that they will phase

out production, import and sale of decabromodiphenyl ether for most uses in the USA by
the end of 2013Albemarle, 2009 Chemtura., 2009Hess, 2008 the chemical is still
widely used for textile applications in Europe and particularly in the United Kingdom.

Most of the @cabromodiphenyl ether currently commercialized in Europe is used in the UK
(EU, 2003. Different studies carried out in rivers near to possible sources of release
including the Rivers Skerne, Calder, Tees, Ribble, Humber and almdsieadistuaries
discharging into the North Sea, have shown detectable concentrations of
decabromodiphenyl ether (decaBDIECB, 2004. Studies in 1995 and 2001 indicated an
increase in decaBDE concentration in sediment over the period by aroiriD8& (ECB,

2004. However, no mathematical fate models have been applied to study either the
dynamics of PBDEs in this country or estimation of decaBDE emissions to the
environmentPalm et al(2002 applied tigacity modellingas a first sreening approach to
estimate the partitioning of PBDE congeners using emission rates previously calculated for
Denmark (Lassen et al., 199%s an extrapolation of the behaviour in other European
countries. Results showed that as the extent of bromination increased the intermediate
transpot from water to sediment becomes the dominant partitioning process and that the
partitioning to air and water were insignificant regardless of the compartment of release. In
addition, the former European Chemical Burg&CB, 20, 2002 carried out risk
assessments for decaBDE in Europe using emission information from the Bromine Science
and Environmental ForufBSEF, 2003h The assessments demonstrated methodologies
that can be useful to calculate decaBDE emission rates to the environment in other

European countries.

1.2 Pesticides

The arrent world population is approximately 7.2 billion and this is expected to reach 9.6
billion by 2050 (United Nations, 203). Global agricultural production relies on pest
management for sustainable crop production to deal with the increasing food demand

(Repeto and Baliga, 1996 Pesticides are nowadays the most viable option for crop
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1. Introdudion to environmental contaminants and mathematical fate modelling

protection despite the potential for negative impacts on the environment and particularly to

water quality. Pesticides can contaminate water by point epoom sources.

Point source pesticide pollution is characterized by very high peak concentrations at one
point of the system, usually due to bad handling and management of pesticides. Examples
of poor agricultural practices include spills from filling spraying equipmermarchg
equipment, using faulty spray equipment and the inadequate disposal of pesticide containers
(Ongley, 199%. Studies in Europe have demonstrated that point source pollution is an
important cause ofgsticide loss in catchments in European coun{Newvarro et al., 2010
Wittmer et al., 2010Holvoet et al., 2007bYuce et al., 2006Leu et al., 2004Gerecke et

al., 2002 Muller et al., 2002Bach et al., 2001Kreuger, 1998including he UK (Mason,

2003 Rose et al., 20Q3Hankinson and Wland, 200L Point source pollution can be
significantly reduced by providing adequate training and information to farfdrrdent et

al., 2007 Gerecke et al., 200Xreuger and Nilsson, 200Norvell and Hammig, 199%s

well as with the instiation of biobeds in farm yards to collect and treat any spillage during

handling and rinsing of pesticidésogg, 2001Fogg and Carter, 19%8

Non-point source (or diffuse) pesticide pollution coming from farming operatisns

critical and complex environmental issue whipbses a major threat to surface and
groundwater. Nowpoint sources respond to hydrologi conditions and are not easily
measured or controlled directly. Pesticides in the environment undergo different processes
that influence their fate in the environment including volatilization, degradation, serption
desorption, canopy interception, spraft, surface runoff (in water or eroded soil) and
leaching. These processes directly control the transport of pesticides after crop application
and the eventual transfer from soil or plants to air and wWaieas-Estevez et al., 2008

Linn, 1993. Main diffuse pathways responsible for the largest pesticide losses are leaching,
surface runoffZhang and Jorgensen, 20@opke et al., 2004 interlayer flow and drain

flow.

Leaching of pesticides into deep degus is an important contamination pathway to
groundwater(Wehtje et al., 1983Rothschild et al., 1982Zaki et al., 1982Peoples et al.,

1980 and to a lesser degree to surface water by outflowing of contaminated groundwater
from areas of recharge discharge areg®uckett et al., 2008uckett and Hughes, 2005
Gallagher et al., 1996Broshears and Bradley, 199Zactors contributing to pesticide

leaching are well characterizé®ose and Carter, 2002Zhang et al., 20QCEnfield et al.,
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1982 Selim et al.,, 1977Wood and Davidson, 1975pesticide solubility in water, soil
sorption, degradation and pesticide formulation are among the most important. Mobile
pesticides likely to contamimagroundwater are characterized by having small degradation
rates and low solil sorptigiGardner, 201y In addition, limited microbiological activity and
pesticide degradation in deeper soil layers and the unsaturated Zoo@dsdue to low
oxygen levels. Agronomic and environmental factors include weather, soil properties, land
cover, irrigation and cropping practices. Soil characteristics that favour pesticide leaching
include low organic matter which reduces potential ddsorption and highly permeable
soils such as coardgextured soils with high sand content that allow the rapid movement of
water; in contrast clatextured soils with small pore sizes slow the downward movement of
pesticidegGardner, 2014Arias-Estevez et al., 200&arter, 200D Loosely packedoils or

the presence of fissures or cracks, earthworm and plant root holes may allow the rapic
movement of water and solutes through the soil profile via preferential flow. In addition, the
presence of microorganisms increases pesticide degradationingethecleaching potential
(Carter, 200D

Surface runoff (or overland flow) occurs when the rainfall rate exceeds the infiltration
capacity of the soil or when saturated soil prevents the entry of all the rainfall received at
the sdl surface(Carter, 200D The antecedent soil moisture content, weather and other site
specific factors determine the amount of pesticide loss through runoff. For example, steep
slopes, clay soils, sparse vegetation cover or thicapipn of pesticide to a saturated soil
followed by a rainfall event or heavy rain occurring soon after pesticide application can
enhance pesticide runoff. During a runoff event pesticide can be transported either in
solution or sorbed to soil particldBhysicochemical properties of pesticide also control the
susceptibly to pesticide runofCIPM, 200§. Highly soluble pesticides are likely to be
washed off by overland flow but may leach out of upper soil layers if there is a lag between
application and surface runoff. In contrast, pestgideh high sorption to soil are prone to
transport sorbed to soil particles during a runoff event. After water infiltrates, interlayer
flow (or subsurface runoff) can also take place, which refers to the lateral movement of

water through the soil and s@ogiently flow out of the soil profile to nearby surface water.

Drainage systems such as tile draindggure 1-1) are a common practice in agricultural
soils with low infiltration capacity; drainage consists ofylg perforated drainage pipes

(or tiles) into the soil to lower the water table and rapidly remove excess water in order to
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facilitate field operations and crop growth by enhancing soil oxygendtigare1-1 a); the

excess water is then transferred to a surface drainage ditch or directly to the stream network
(Sheaffer and Moncada, 200%igurel1-1 b). This drainage system benefits farming greatly

and also helps to reduce surface runoff of pesticide and nutrients; however, pesticide
leaching through drains via preéatial flow is an important route for pesticide loss to
surface watefKladivko et al., 2001 Zehe and Fluler, 2001 Flury, 1996 Brown et al.,

1995a Brown et al.,, 1995pKladivko et al., 1991 which can cause high pesticide
concentrations in agricultural ditches and stream netw@k®wvn et al., 2004Leu et al.,

2004 Williams et al., 1995%

b)

Drainage pipes
or “tile”

Saturated soil

Flow to main E
or ditch a

Undrained Condition | Drained Condition

Figure 1-1 Effect of tile drainage system on a) cropwtio and b) water tablBusman and Sands,
2012.

Efforts to reduce water contamination by pesticides in Europe are currently in place. In
particular, the Water Framework Directive 2000/60/EC (WFRiame into force on
December 2% 2000 and requires Member States to comply with water quality objectives to
secure water protection. Under WFD Article 7, Member States are required to characterise
water quality and carry out risk assessments for Drinking Water Protected Areas
(DrWPAs). DrWPAs are surface and groundwater bodies being or intended to be abstracted
for human consumption at more than 1®par day. The assessment should also determine
whether the protected areas objectives will be met by 2015. The EU Drinking Water
Directive 9883/EC states that no individual pesticide should reach tap water at
concentrations above Orig/l and the total concentration must not exceedn@gyb (EC,

19998. However, in 2012 the Environment Agency has reported that 15% of the 647 surface
water DrWPAs in England and Wales are at risk of failing to achiev® \KRicle 7

because of contamination by pesticigBgsticide Forum, 20)2In order to reduce water
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pollution from agricultural land, the Environment Agency initiated the Catchment Sensitive
Farming programme (CSF) in December 2005. The programme provides advice to farmers
on measures they can take to minimise risk and also provides them with finance to invest ir
infrastructure for this purpose. Several reports into the progress of the CSF have shown al
apparent reduction in pesticide concentrations in riy€SF, 2012 2011); however, no
mathematical modelling has yet been apptedinderstand the dynamics of pesticides at
the catchment level which would enable a better assessment of the impact of the

programme.

1.3 Pesticide fate modelling

Pesticide fate models have been used for many years in a regulatory context as a cos
effective method to investigate pesticide management strategies for the reduction of
pesticide emissions from nguoint sources and to study the fate and behaviour of pesticides
and their metabolites under different environmental conditiB@CUS, 2000 Oreskes et

al., 1994. The selection of the appropriate model will depend on several factors that include
the identfication of the most important processes that the chemical will undergo and which
need to be considered in the model structure. For instance, a compound leaching in ¢
strongly structured soil should be simulated using a model that accounts for preferential
flow or the simulation of pesticides in an area with poor hydrological conditions or likely to
exhibit overland flow should include a runoff descript{&®CUS, 200D

Mathematical modelling of pesticide fate in the environment has been applied at different
scalesfrom edgeof-field to catchmenscale(Holvoet et al., 2007b Renaud et al. (2008
presented a summary table withfeienttypes ofpesticide fateanodek with potential use at

the catchmenscale. Models included ortBmensional soil column leaching and surface
runoff (e.g. MACRO and PRZM), fieldcale (e.g. GLEAMS and RZWQM) and catchment
scale models (e.g. ANNAGNPSABBWAT). Generally, less complex models but with more
detailed sitespecific input data are required at smaller scales while at larger scales the use
of average parameters can be applied but model complexity and amount of input dats
usually increases. Inddition, spatiallyvariable landscape characteristics and temparally
variable meteorological input data are necessary for more accurate modelling results at the

catchment level.
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Model input and output parameters should be evaluated with as much rigossatdepin

order to ensure reliable modelling results. When designed, pesticide transport models are
usually first tested against laboratory data and then evaluated against field measurements
which usually requires calibration and validation of the mod&dlibration can be
performed when applying the model to field data and consists in adjusting input parameters
until an acceptable simulation is achieved. Then, the calibrated model is applied for a
different simulation (usually for a different period om& or to similar environmental
conditions) and if the results are also acceptable the model is considered to be validated for
that situation(Loague and Green, 19P1lf the model needs further adjustments then
recalibrations can be considered. Model performance should be similar for calibration and
validation. Different statistical and visual analyses against measuredastabe applied to
evaluate model performance. For example, analysis of residual errors is useful for
characterising systematic undand overestimation of the simulation and the coefficient of
determination can be used to evaluate the linear correlagtwmeen the observed and the
simulated data. Visual analysis through the use of graphs and plots of the simulated and the
observed data is used to identify types of errors and trends which cannot be easily detected

with statistical tool§Loague and Green, 1991

The incorporation of model evaluation against accurate monitoring data and uncertainty
analysis is an essentiptocedure to provide realistic model outp(faibus et al., 2003b

Dubus and Brown, 2002Sohrabi et al., 2002Dubus et al., 2001 A poor sampling
procedure can lead to the rejection of a good model or the acceptance of a poor one
(Addiscott et al., 1995 Monitoring stuées have shown that high temporal variation of
pesticide concentrations in the river network can be expg@&edntjens et al., 2008
Holvoet et al., 2007aThis finding demonstrates the practical constraints on the use of grab
samples to assess water quality status or to evaluate modelling results; composite samples
are more reliable and representativeéh® average concentration of sampling time interval

but impose a financial limitation when monitoring programmes are required. The
combination of sampling data and fate modelling is a moreeftesttive approach for the

optimisation of monitoring programes(Vanrolleghenet al., 199%.

Mathematical models are simplified representations of the environment and by themselves
must always be considered as uncertain. Some parameters cannot be measured directly or

are difficult to obtain so the best option is to apply funaionmodels to the available data
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to obtain them(Addiscott et al., 1995 For instance, pedotransfer functions are useful to
calculate noravailable soil properties using the available data and series of regression
analyses and data mining techniq@@®esuma, 1989 suchfunctions are frequently applied

for estimation of water retention curves and hydraulic conductivity values.

Key input parameters in fate modaisually varyspatially andor temporally within a
catchmentln assessing pesticide behaviour in soils, reseas have found high variability
which results from the complex environmental factox®ived. Various spatiby variable
soil characteristics that influence pesticide sorption in sagisideorganic carbon content,
clay contentpH and Al/Fe oxides ahhydroxides(Weber et al., 20Q4Bailey and White,
1964). Similarly, pesticide degradatiois influenced bysoil organic content, pH, salinity,
nutrients, soil temperature, oxygen content, soil moisture conteat/aliability, chemical
structure and concentratigAlexander, 1999Aislabie and LloydJones, 1996 This often
leads to a highly heterogeneous spatial pattern of pesticide sorption and degnaitiaition
the same aredor example, fieldtudies orthe most commonly used herbicide in the USA,
atrazine, haveshownK,: and halflives ranging from 89 to 513 mL/g and from 6 to 108
days respectivel(AERU, 2007). Walker et al.(2001) found that within a single field the
half-life of isoproturonand chlorotolurorvaried from 6 to 30 daysndfrom 34 to 203 days
respectively In addition, climate data and particularlige precipitation falling over a
location vary both spatially and temporally.h€ different influences on the variability of
precipittion include theéopography characteristics (mainly altitude, aspect and slope) and
the presence of convective thunderstofDavie, 2008 Johnson and Hanson, 1993 he
variability of input parameters should be considered if a realistic gésariof the
dynamics of pesticides in the environment is to be obtaiRedk et al., 1977 The use of
average input parameters instead of-sgecific data is a common source of uncertainty
when applying pesticide model$he uncertainty due toput parameters has produced
large controversy concerning the use of models, so there is a clear need to assess the imp:
on model predictiongHaan et al., 199% Beven, 1998 understanding uncertainties and
their causes is essential to interpret simulation results effec{sehyrabi et al., 2002

1.4 Pesticide fate and modelling under tropical conditions

Although there have been many advances in developiwyonmental models most of
them have been designed and validated to be applicable to temperate regions. Howeve
onet hird of the earthos | dRacke a a.rl09¢1s aditiord s t
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intensive use of pesticides under weak safety standards, poor pest manageiranited
monitoring programmes is a major issue for pesticide contamination in developing countries
(Feola and Binder, 201®Ramos et al., 201MHughes et al., 2006FAO (2009 estimated

that between 1999 and 2009 an average of 82,000 tonnes of pesticides were applied
annually; most of this was herbicides (47%) followed by fungicides/bactericides (35%) and
insecticides (17%). Main crops culdited in tropical regions include sugarcane, corn, rice,
cotton, coffee, cocoa beans, tobacco, rubber, spices, legumes, tropical and subtropical fruit
and vegetables. The population of developing countries is at high risk of acute and chronic
exposure to paicides under both occupational and epidemiological condifeinSebae,

1993. There is also algbal risk for pesticide dissipation and transportation across borders.

Tropical regions are situated near the equator, within the area bounded by latitudes 23.5° N
(Tropic of Cancer) and 23.5° S (Tropic of Capricof@pbley and Steele, 19y.60ver 70
countries are located in this zone, mosth&m developing countrieJ §ble 1-1) and most

make significant use of pesticidg®acke et al., 1997

Table 1-1 List of countries with land areas in the trop{Backe et al., 1997

America Africa Asia and Pacific
Bolivia Angola Australia (Northern)
Brazil Cameroon Bangladesh (Southerr
Colombia Central African Republic Cambodia

Costa Rica Congo China (Guangzhou)
Cuba Ethiopia India (Southern)
Dominican Republic Ghana Indonesia

Ecuador Ivory Coast Malaysia
Guatemala Kenya Myanmar
Honduras Mali Oman

Jamaica Mozamhque Papua New Guinea
Mexico (Southern) Nigeria Philippines
Nicaragua Somalia Saudi Arabia
Panama Sudan Sri Lanka
Paraguay (Northern) Tanzania Taiwan (Southern)
Peru Zaire Thailand

Puerto Rico Zambia Vietnam
Venezuela Zimbabwe Yemen

The tropics are mainly characterized by the relative homogeneity of temperature throughout
the year, length of daylight of approximately 12 hours which remains almost constant
during the whole year and levels of solar radiation that aret atwize those of temperate

regions(Racke et al., 1997some differences in the behaviour of precipitation are observed
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between tropical areas. Three areas are classified according to their moisture regime: (i
high and uniform precipitation (Udic), (ii) distinct wet and dry seasomssig)Jand (iii) low

or sporadic rainfall (Aridic), covering 25, 50 and 25% of the tropics, respec{@elyley

and Steele, 1976

Studies have suggested that tropical and temperate soils do not differ signitcahthat
differences are mainly due to the variation of soil moisture and tetapemver the year
(Isbell, 1983 NAS, 19723. The formation of the soil is a complex process influenced by
external factors rad internal processes including climate, organisms, parent material,
topography and the time over which these factors have acted on the parent (Bateriet

al., 1973. Therefore, if soil forming factors are different in both regions then a different
type of soil will develop.Table 1-2 shows the distribution of the major soil orders in the
three tropical continents (Africa, America and Asia). All the eleven soil orders are present
in the tropics; highly weatherednd leached acid infertile soils (Oxisols and Ultisols)
comprise about 43% of the tropics, soils with moderate to high fertility (Alfisols, Vertisols,
Mollisols and Andisols) constitute 23% and dry sands (Entisols) andrisasacidic soils
(Aridisols) account for 18% of the tropical ar@dair, 1993.

Table 1-2 Distribution of soil orders in tropical countries, based on the dominant soil in FAO maps
at a scale of 1:5 million. Areas are in million hectgfé=ott et al., 1991

Tropical Asia and

Soils Tropical America Tropical Africa i Total
Pacific

Area % Area % Area % Area %
Oxisols 502 33.6 316 27.6 15 1.4 833 22.7
Ultisols 320 21.4 135 11.8 294 28.4 749 20.4
Entisols 124 8.3 282 24.7 168 16.2 574 15.7
Inceptisols 204 13.7 156 13.7 172 16.6 532 14.2
Andisols 31 2.1 1 0.1 11 1.1 43 1.2
Alfisols 183 12.3 198 17.3 178 17.4 559 15.2
Vertisols 20 1.3 46 4.0 97 9.3 163 4.4
Aridisols 30 2.0 1 0.1 56 5.4 87 2.4
Mollisols 65 4.4 0 0 9 0.9 74 2.0
Histosols 4 0.2 5 0.4 27 2.6 36 1.0
Spodosols 10 0.7 3 0.3 7 0.7 20 0.5
Total 1493 100.0 1143 100.0 1034 100.0 3670 100.0
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Oxisols and Ultisols in the tropics are also called low activity clay soils due to their high to
medium acidity and low cation exchange capacity which in this region is due to the lack of
nutrients since the solil itself is comprised of cl&ntisols are so# with little profile
development(USDA, 1999 except an A horizoncommonly found in places of recent
deposied material such as those that suffer from periodic flooding (e.g. alluvium), steep
slopes or inparent materials resistant toopical weathering (e.gquartz sand) Thus,
Entisolsare characterized by a wide productivity potengalvironmental surroundings and
land use. Inceptisols have some profile deepment (more than Entisols) and the
differences between horizons are just beginning to appear. Inceptisols are ptoimine
mountainous regiondairly steep slopes, sites with high water tableung geomorphic
surfacesand on resistant parent materighe suborder Andepts withthe Inceptisols has
been used intensively in the tropics, particularly in volcanic afdasy are extensive in
Central and South America along the Andes, isles of Oceania and in Africa (e.g. in the
Republic of the Congo, Tanzania, Madagascar, Uganda, Kenya and Cam@é&))
1972. Volcanic ash produces allophane, an atypical kind of amorphous clay that in
combination with organic matter provides the soil witghhiwaterholding capacity and
incomplete dispersibility that traps organic matter and protects it against rapid
decomposition Andepts have a low cation exchange capacity at low soilHvever,

these generalizations are only broad indications since @ mage of soils with different
properties exist among soil orders.

The soils of the tropics are as diverse as those of temperate réiggbrend Sanchez
1992. A vast majority of tropical soils have a weak structure prone to crusting, compaction
and slaking and are susceptible to erosion under heavy rain and sloping(Mairgia993.

Acid soils will affect the sorption behaviour of pesticides with ionic equilibrium constant
near the range of soil pH. For instance, triazines exhibit a sharp increas&nithacidic

soils, and carboxylic acids and sulfonylurea herbicides show increase mobility at higher soill
pH (Wauchope et al., 2002

Authors claim that pegides exhibit high variability in physicochemical parameters such as
pesticide degradation and sorption, and for this reason it is very difficult to establish
whether differences in physicochemical properties from studies in temperate and tropical
regiors actually occutRacke et al., 997). Pesticide degradation is determined by different

physical, chemical and biological mechanisms such as temperature, environmental pH, soil

40



1. Introdudion to environmental contaminants and mathematical fate modelling

moisture content and the population of microorganifiigson et al., 1997Sandmann et

al., 1988 Que Hee and Sutherland, 1985tudies have shown increasaegradation in
tropical soils due to elevated temperatuf@aam and Van den Brink, 201Magallona,

1989 Zimdahl and Clark, 1982 Temperature has been considered as an important factor
affecting pesticide hydrolysis, as described by the Arrhenius equation. Higher soll
temperatures can increase pesedydrolysigGetzin, 198), so this process is expected to

be more important in the tropics than in temperate regidogoraditskul et al. (1992
studied the hydrolytic degradation of atrazine in Thai soils at different temperatures and
observed that after 90 days of incubation at 15, 25, 37 &i@ith® remaining percentage of
atrazine for a Pak @mg and a Kamphaengsaen soil were 26, 8, 5 and 1% and 70, 58, 41
and 27%, respectively. Similarly aqueous photolysis of pesticides is enhanced in tropical
regions since more solar radiation is obtained during the (Racke et al., 1997
Magallona, 1989 In contrast, higher evapotranspiration rates due to high temperature and
solar radiation can also redusoil moisture and thus, pesticide degradafi®etzin, 198).

Perez et al. (20)3lemonstrated the importance of soil stare for the faster degradation

of pesticides under tropical conditions. The authors found that the optimal conditions for the
degradation of chlorpyrifos and diazinon in a tropical region in Colombia airel80% of

humidity in relation to field capagitanda soil temperature df0°C.

Nowadays there are some efforts to assess pesticides in tropical regions but little has bee
done to develop applicable models, to identify the difference between the fate and
behaviour of contaminants under temperate @mgical conditions and to understand
whether results from models applied in temperate zones can be extrapolated to the tropics
The IUPAC commission on agrochemicals and the environment recommends carrying out
more studies in tropical environments inchglithe application of contaminant fate
modelling(Racke et al., 1997

Perez and Paez (20168tudied the runoff potential of chlorpyrifos at theld-scaleusing
simulated rainfall in potato crops under tropical humid conditions in Cotnthoil
moisture contents were measured and supplied to the runoff model GLEAIdBard et

al., 1987. Uncalibrated results showed good model efficiency (0.7) for pesticide runoff in
soil but a poor simulation was obtained for concentrations in the water phase (model
efficiency = 0.2).Good simulations were observed Blavi et al. (2007 when applying

two leaching models51D DUAL (Ray et al., 204; Vogel et al., 200pand MACRO 4.3
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(Jarvis et al., 1991to tropical soils. The study also showed that preferential transport was
not significant due to reduced soil moisture; instead high saturated conductivity of
micropores enhanced the water flow by this ro@eod model performances obtained
under tropical regions suggest that models designed in temperate regions can be epplicabl

but more work is required on evaluation and validation of models.

The application of fate models in tropical regions will enable more definitive knowledge
that accompanies the use of pesticides in these areas (e.g. sufficient pest efficiency,
potential br pesticide loss, persistence, residual pesticide in soil and potential for damage to
following crops, surface runoff and risk to water bodiggcke et al., 1997However, the
availability and easy access to regional pesticide usage, land cover, climate and soil
information will becrucial for model application. The paucity of data available to evaluate
and validate models in the tropical regions is mainly due to the high cpsidifcingdata.
Therefore, the use of models is helpful to assess the minimum data required and the most

costeffective alternatives to maximise the use of available data.

1.5 Aims and objectives

The aim of thegoresent researdb to apply and develop different modelling methodologies
in order to describe the fate and behaviour of contrasting environmental caargsnin
particular, the research aims to extrapolate European models and practice to Colombian

conditions. The specific objectives are to:

1. Evaluate models of the fate of brominated flame retardants to estimate emissions in the
UK and Colombia and thespply results to investigate their presence in both regions.

2. Study the dynamics of pesticides in UK and Colombian catchments by using pesticide
fate modelling.

3. Analyse the different sources of uncertainty arising from applying mathematical
modelling to desribe the complexity of environmental fate.

4. ldentify major differences in contaminant behaviour in Colombia and the UK to
determine the drivers for those differences and to understand the implications for model

structure appropriate to the two countries.
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1.6 Thesis structure

In the present study, several modelling tools have been applied to different environmental

issues in the UK and Colombia.

In Chapter 2, studies into the emissions and fate of PBDEs, particularly decabromodiphenyl
ether in the Calder catchmiein the UK and at the mouth of the Magdalena River in
Colombia are carried out using two models: 1) the Equilibrium Criterion model (EQC)
which is a Mackay fugacity type model; and 2) tGeographyreferencedRegional
Exposure AssessmenfTool for Europea Rivers model (GREATER), a model that
combines a geographical information system (GIS) with a stetady fate model. A
monitoring study was also carried out to study the dynamics of PBDEs in a highly
industrialised area in the UK and to evaluate moellts from GREATER. The main aim

is to investigate differences in environmental pollution and modelling approaches to study
the fate of relatively new contaminants such as BFRs from both regions.

Chapter 3 presents a modelling framework to simulateqmess in the Wensum catchment.

The modelling methodology includes the use of the preferential flow model MACRO to
simulate pesticide loss via tile drainage and leaching. In addition, a groundwater mixing
model is developed to account for the groundwatet pesticide residence time before
being transported to the river network. Overland flow from developed areas (hard surfaces)
is also included into the simulation of the hydrology. RZWQM2 and PRZM are tested by
including them into the model framework irder to determine which model better describe
surface runoff and associated pesticide losses in the catchment. Simulation results ar
evaluated against existing monitoring data from 2008011. Modelling evaluation of
pesticide simulations is used to dexitb what extent the model can be used to fill gaps

between monitoring dates.

Chapter 4 evaluates the modelling performance of the catctsoaiet model SPIDER in
modelling pesticide loss at the Wensum catchment and compares the results to the
modelling famework developed in Chapter 3 using MACRO. Results are then used
evaluate whether the Catchment Sensitive Farming (CSF) programme is reaching the goa
of reducing pesticide emissions. Finally, an uncertainty analysis is carried out to identify

and evalua the different sources of uncertainty arising from the different assumptions and
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simplifications within the modelling methodology as well as to identify errors associated

with the use of mean input parameters in the model.

Chapter 5 aims to assess thedeloapplicability and predictive capacity of tbatchment
scalemodel AnnAGNPS to predict pesticide loss in a nested catchment with intensive use
of pesticides in the River Cauca in Colombia. The modelling methodology also includes
different approaches tdeal with the limited amount of regional input data as well as to
simulate a sulcatchment which does not include the river source. Results are evaluated
against available monitoring data from 2010 and 2011 and model validation is also applied
for a different period of time (2008 2009). An uncertainty analysis of the most uncertain
input parameters is also included. Finally, the simulation attempts to identify major
differences in pesticide usage and practice between Colombia and the UK that canpthen hel
to understand their implications for the application of mathematical modelling in the two

countries.

Chapter 6 discusses the main findings of the preceding chapters in a wider context and
addresses the main thesis objectives particularly number fousnmfReendations for future
research about BFRs, pesticide management and fate modelling applications in the UK and

Colombia at the catchmenstale are also presented along with final concluding remarks.

44



2. Brominated flame retardants in the UK and Colombia

2 Brominated flame retardants in the UK and Colombia

2.1 Introduction

Flame retardants are chemical substances that are applied to polymers to reduce the
ignition potential. Nowadays, there are more than 175 chemicals classified as flame
retardants and among them 75 are brominated organic comp@R@gsl99%. The annual
production of brominated flame retardants was 150,000 tonnes in 2001 where about one
third of this figure corresponded pmlybrominated diphenyl ethers (PBDEs). PBDEs have
been used in a large variety obnsumer products such as upholstery textiles, plastics,
television sets, computers, vehicles, aircrafts and construction materials (e.g. wires, cables
pipes and carpet§BSEF, 2013a BFRs can be used as additives or reactive substances;
PBDEs are additive flame retardants that are mixed into the products without any chemical
bond which makes them more liketp leach out of product¢Sjodin et al., 20083
Environmental pollution by PBDEs has become a ‘ketwn issue. PBDEs have passed
from being emerging contaminis to widespread ubiquitous pollutants found in
environmental medi@Arellano et al., 201;1Hale et al., 206), biota(Alaee, 2006de Wit et

al., 2006 de Wit, 20@) and humang§Wang et al., 200Hites, 2004.

Studies into PBDEs have proven their toxicity, persistebioaccumulation and lorgnge
atmospheric transport potential which has led to the addition of the commercial products
penta and octabromodiphenyl ether to the list of persistent organic pollutants (POPs) of the
Stockholm Convention (2008 Nowadays, the only commercially available PBDE is
decabromodiphenyl ether (decaBDE). A recent inventory study estimated that from 1970 to
2010 between 85,000 and 250,000 tonnes of decaBDE were consumed in Europe
(Earnshaw et al., 20J4PBDE producers claim decaBDE is neither mobile nor bioavailable
(BSEF, 2013p but studies have found them in a large variety of abiotic m@&dieon et

al., 2013 Darnerud et al., 2001 biota (Kuo et al., 201p and human sammeincluding
breast milk sampleg¢Lunder and Sharp, 200&checter et al., 200Fhe et al., 2002
Increasing concentrations in the Artic atmosphere have also demonstrated thentpng
transport of decaBDEVorkamp and Riget, 2014Moller et al., 2011de Wit et al., 2010

and it has also been shown to be a potential endocrine dis(Bptwaul et al., 201Fosa
Ferrera et al., 2013ohnson anduigens, 2008 There is growing evidence that decaBDE

can degrade in the environment into lower and more toxic congeners which themselves are
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POPs listed in the Stockholm Convention (PRBDES) (ECHA, 2012k Environment
Canada, 2010

In 2008, the EU banned decaBDE from its use in electrical and electronic equipment (EEE)
(European Court of Justice, 200&8mnd in 2009 chemical companies in the US agreed to
phaseound el i minate its producti on, i mport and
PhaseO u t I n i(Wage etial, @L2US EPA, 201D (Wageret al., 2012 More

recently, a proposal was submitted by Norway to list commercial decaBDE as a Persistent
Organic Pollutant (POP) in the Stockholm Conven{lidNEP, 2013. Based on the existing

information, decaBDE meets the POP criteria of the Stockholm Convention under Annex D

due to persistence, bioaccumulation,ga@ange transport and adverse effects. Despite these

actions, no further restrictions have been applied to other uses of decaBDE in Europe such

as on textile applications and even more worrying, no regulations have been applied in other

countries particuldy in developing countries.

A European risk assessment has identified that the country with the highest consumption of
decaBDE in textile application is the UKECB, 2004 2002. Monitoring data in this
country have shown high levels of decaBDE near sewage treatment plants and processing
sites that use this flame retardg@Atichin et d., 1999 Law et al., 199% DecaBDE can be
released into the environment from production sites, from finished articles during their
lifetime and at disposgEarnshaw et al., 2013haw et al., 203dmm et al., 2009Wong

et al., 2007 ECB, 2004 2002. Despite the extensive usage and the high concentrations in
the environment, no further assessments irethissions of decaBDE or mathematical fate
modelling have been carried out in the UK. Estimating the main emission pathways in the
environment is valuable for identifying the most important sources of release. In addition,
these estimates can also be usedassess the environmental partitioning of the flame
retardant in the UK, using fugacity level Ill modelling. Studies into the partitioning of
decaBDE using fugacity modelling and risk assessments by the European Union have
shown the high emission poiteel that decaBDE pose to air, surface wadald the aquatic
environment (ECB, 2004 2002. However, transport modelling of decaBDE in the
environment has mainly focused on the @mtion of longrange atmospheric transport
(Bogdal et al., 201,0Schenker et al., 2008reivik et al., 2006 Wania and Dugani, 2003

Catchmeniscale modelling can provide an understanding of the dynamics of decaBDE in
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the aquatic environment, partiadly in high industrialised areas with a significant usage of

this flame retardant.

Since most of the monitoring studies and assessments of BFRs have been focused o
industrialised countries, there is little knowledge on PBDE usage and levels in developing
countries. Furthermore, restrictions about their use are limited and there is an increasing
generation of -@vaste and PBDEs containing products without adequate waste management
or recycling plantg§Weber et al., 201 A recent monitoring study of PBDESs in the mouth

of the River Magdalena in Colombia has shown the presence of different congeners in
sediment and biota samples with decaBDE being the most detectgdner and with the
highest levelgBaron et al., 201)3 No regulations about the usage of PBDEs are currently

in place in this country and there is little infeation about the usage and consumption
figures of this flame retardant. The Stockholm Convention has published guidelines that can
help countries to undertake inventories of the FRBDES which is a first step to acquiring

an understanding of the situati@t a national levelStockholm Convetion, 2013. This
inventory methodology can also be applied to estimate levels of decaBDE which can then

be used to estimate its emissions and partitioning in the environment.

2.1.1 Aims and objectives

The aim of the work reported in this chapter is to stiydynamics of decabromodiphenyl
ether in a temperate and in a tropical region by application of fugacity and cateuakent

models. The specific objectives to meet this aim are to:

1. Estimate emissions of decabromodiphenyl ether to different environmental
compartments in the UK and Colombia.

2. Use estimated emissions to determine the general environmental partitioning of
decabromodiphenyl ether in both countries using fugacity modelling.

3. Evaluate fugacity model results against reported concentrations imthierenent
for both countries.

4. Investigate the presence and levels of decabromodiphenyl ether in the Calder
catchment in the UK.

5. Study the fate of decabromodiphenyl ether in the Calder catchment using the
catchment model GREAER.

6. Evaluate the predictiveapacity of GREATER to simulate spatially distributed

concentrations of decabromodiphenyl ether in the Calder against measured data.
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2.2 Background information
2.2.1 Brominated flame retardants

Brominated flame retardants (BFRs) are industrial chemicals contairongrie atoms in

their structure which are incorporated in different products to reduce the risk from fires
There are different kinds of BFRs but most environmental concerns have focused on
polybrominated diphenyl ethers (PBDEs), hexabromocyclododecaneCHBand
tetrabromobisphenol A (TBBPAJ{gure2-1) as they have been shown to bioaccumulate in
fatty tissues and to be persistent in the environrf@ovaci et al., 201;1Alaee et al., 2003

de Boer et al., 20Q1Allchin et al., 1999Law et al., 1996 Flame retardants can be
classified as additives or reactives depending on the process of incorporation into the
polymers. Reactive flame retardants are covalently lbridehe polymer, e.g. TBBPA,
whilst the additives such as PBDEs and HBCD are added to the polymeric material which
make them more likely to leach out of the products and more readily enter the environment
(Alaee et al., 200Rahman et al., 2001

PBDE HaC CHs Br Br
= 0 N Br Br HBCD
\\ // HO l l OH
TBBPA
Bri-1o Br Br Br  Br Br Br

Figure 2-1 Structural fornulas of polybrominated diphenyl ethers (PBDE), tetrabromobisphenol A
(TBBPA) and hexabromocyclododecane (HBCDD)

The structure and properties of thelybrominated diphenyl etherare similar to
polychlorinated biphenyls (PCBs) and polybrominated biphe(®BBs), specifically in

their high level of persistence and bioaccumulation in the environment. PBDEs are diphenyl
ether molecules where hydrogen atoms can be substituted with bromine, resulting in 209
different compounds or congeners that differ in thenber and position of the bromine
atoms on the two phenyl rind8VHO, 1994. Not all the possible PBDE congeners are
comnercially available and also they do not come as a single congener. PBDE formulations
are a mixture of congeners with one of them as the major component, which gives the
commercial name to the produ@/HO, 1994. Commercially available PBDEs included
congeners with different degrees of bromination; pentaBDE, octaBDE and decaBDE

(Prevedouros et al., 200Mlaee et al., 2003i.e., five, eight and the fully brominated

48



2. Brominated flame retardants in the UK and Colombia

molecule, respectivelyThe Stockholm convention has includélde penta and octa
formulations in the list ofpersistent organic pollutants (PORStockholm Convention,
2008. The decaBDE formulation has not yet beacluded but debromination due to
degradation can generate some of the listed POP condeiNE®, 2010ba).

2.2.2 Environmental fate of polybrominated diphenyl ethers

Table 2-1 lists several physicochemical properties for the most common PBDE congeners
that have been commercially availadkBDEs have | ow water sol
high log octanol water partition coefficients (> 5.0) which enables high sorption to soils and
sedi ments and a tendency to bioaccumul at
pressure (Vp) values shotliat PBDEs have low tendency to volatilize (H 214nd Vp

<10* Pa) and volatilisation decreases with increasing molecular weight and degree of
bromination(US EPA, 201D

Table 2-1 Physicochemical properties of most common commercially available polybrominated
flame retardants.

Compound Molecular Vapour pressure  Log Ky Solubility Henryods

mass (Pa)’ (mg/l) constant
(amu) 25 °C (10°)?
(2.61 3.3) x 10, 6.81°
tetraBDE 485.8 pC 591 6.7 0.01P
) 6.641 6.97
pentaBDE 5648 (O 2753():)( 10, g5 0.018 0.35i 1.2
6.51 7.0"
hexaBDE 6aze (4219410, oo g 0.9
25°C
0.002
(1.27 2.2) x 10, 6.29"" )
octaBDE 801.5 Py 8.41 8.9 0.000%  0.0075i 0.026
4 [
<< 11000, ggo(f’:c 6.27
decaBDE 959.2 270 278°C 10 <0.00f 0.0012i 0.0395
670, 300°C

°ATSDR (2003; "ATSDR (2003; “Cetin and Odabasi (2005ECB (200); ‘ECB (2003; 'ECB
(2003; Stenzel and Markley (1997'Watanabe and Tatsukawa (1$8%HO (19949

The aquatic toxicity and bioaccumulation potential of PBDEs decreases with increasing
degree of brominatio (Brooke et al., 2009 However, fish can debrominate higher

brominated PBDEs to lower and more toxic congerfefsEP, 2013. Invertebrates are
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expected to have lower debromination potential due to the low sofuliiliigher PBDEsS.
The EU Water Frame Directiv013 stipulated Environmental Quality Standards (EQS)
to protect the aquatic environment of Origfl and 0.00851g/kg for the sum of PBDES in

inland surface waters and biota, respectively.
2.2.3 Decabromodiphenyl ether

Decabromodiphenyl ether (decaBDE) is the fully brominated PBDE. It is widely used in
virtually any type of polymer including rubber, polgyi chloride, polyamides,
polyoleofins, plycarbonates, polyester resins, ABS (acrylonitrile, butadiene and styrene),
polyamindes, polyvinyl chloride, and rubb&able2-2 presents the typical composition for

the commercial decaBDE formulation. The commercial formulation is a technical mixture
of decabromodiphenyl ether and other congeners in a small amount, the major congener
after decaBDE is nonaBDE (2.5%) and past formulations used to have thewwaner

(ECB, 2002.

Table 2-2 Typical composition of commercial decaBDE formulat{&CB, 20032.

DecaBDE
Type of Congener ; .
Congener identity Commercial formullaltlon
(mass % composition)
TriBDE Total TriBDE 0.00001
TetraBDE BDE 47 0.00003
PentaBDE BDE 99 0.002
HexaBDE BDE 153 0.001
HeptaBDE Total HeptaBDE 0.003
BDE 206 2.2
NonaBDE BDE 207 0.24
BDE 208 0.06
Total NonaBDE 25
DecaBDE BDE 209 97.5

In recent years, there have been increasing concerns theodégradation of decaBDE to
its lower and more toxic congeners such as tetraBDE, pentaBDE and octaBDE. However,
this mechanism is still not completely understood. A few studies have shown that higher
PBDE congeners can be fragmented by photodegradetionower congeners under a
variety of conditiong(Darnerud et al., 20Q1but the reaction is slower in water than in
organic solvent¢Mas et al., 2008 Table2-3 shows some of the reported degradation-half
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lives for different media and degradation conditions. DecaBDE igsasfent contaminant

with half-lives in soil and sediment greater than six months.

Table 2-3 Degradation halfives for decaBDEECHA, 20123

Media DTso
(days)
Soil - High 365
Soil - Low 180
Air - High 153.6
Air - Low 15.4
Surface water High 365
Surface water Low 180
Ground water High 730
Ground water Low 360
Sediment 365

2.2.4 Polybrominated diphenyl ethers in the UK

The onyy PBDE currently in use in the European Union is decaBDE. It is mostly used as an
additive flame retardant in the plastic and textile indust(E€B, 2002. This flame
retardant is no longer produced in the UK but imported. The European Chemicala Burea
(ECB) (2002 reported that there was one producer of decaBDE in the UK that operated
intermittently and not in large quantities. This site ceased itsatpes in 1999. DecaBDE

was imported without restrictions to be applied to polymers and textile applications until the
Directive 2002/95/EG2003, banned its wsin EEE and required the new products placed
on the market to not contain polybrominated diphenyl ethers fr¥nduly 2006. A
remaining amount of decaBDE is present in existing EEE until disposal and the compound
is still used without restrictions in ah polymeric and textile application&uropean

Commission, 2003

Decabromodiphenyl ether was applied in a large number of polymeric items with EEE such
ascomputers, wire and cables, electrical boxes etc. and the major application was in high
impact polystyrene (HIPS) which is used in the television industry for cabinet backs. The
guantity used depended on the type of finished product, usually ranging het@emd

15% by weight of the polymer application and it was always applied in combination with
antimony trioxideg(ECB, 2002.
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The current use of decaBDE in textiles relates to upholstery fabric and polypropylene
drapery applications; it is not used fotothing (ECB, 2003. The United Kingdom
Furniture and Furnishing (Fire) (Safety) Regulati¢h893 1989 1989 regulate furniture,
covers and upholstery materials to comply wsgiecified ignition requirements. The UK
and Eire are the only countries in the EU with this kind of regulation; therefer&)Khs

the country withthe largestconsumption ofdecaBDE and upholstered fabrics containing
flame retardants the EuropeariJnion (ECB, 2004.

According to the ECE2002), there are thought to be three or four major manufacturers and
formulators and three or four smaller ones in the UK. In addition, finishers are considered to
account for four large contract coaters and around six snualks and also two 4house
weaver/coaters. The process of adding the flame retardant to the textiles consists in back
coating the flame retardant in a latex binder or in the case of synthetic carpets, it is
encapsulated within the polymer fibf@gsCB, 2M®2).

2.2.4.1 Consumption figures

The world demand for decabromodiphenyl ether was 56,100 tonnes ifEBBE, 2003n

In the 1990s, the total consumption of decaBDE in Europe was estimated to be 9,600
tonnes/year, with 2,500 tonnes/year being used for textiles, 5,800 tonnes/year used in
plastics (mostlyfrom EEE) and 1,300 tonnes/year imported as finished art{@é&s,

2002. The industry producing flame retardants estimated that this figure has fallen in the
2000s to between 6,900 and 8,600 tonnes/{RSEF, 2010 VECAP, 2010. As decaBDE

is currently banned for EEE, these figures may have decreased subsequently; however, it
may also still be used in somelyoer items not associated with EEE like foams and
hotmelt adhesives, although the amounts are likely to be ¢Bralbke et al., 2009ECB,

2002. It is also indicated that the amount of decaBDE used inldexnh the EU may
remain reasonably stab{&CB, 2004. The UK consumption figure for decaBDE used for
textile applications is reported to be 1,250 tonnes per (@B, 2004; which corresponds

to half the consumptiondure in the EU. This figure suggests that emissions from textile

consumption in the UK might be much higher than in other EU countries.

2.2.4.2 Monitoring in the UK

There have been several monitoring studies on PBDE concentrations in water and sediments

in different UK rivers and estuaries, particularly near to possible sources of release.
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However, mderstanding and comparing PBDE monitoring data is complicated because
some studies provide concentrations without specifying whether the concentration relates tc
an irdividual congener or to the commercial formulation which is a mixture of two or more
congeners. Current commercial decabromodiphenyl ether formulation mainly consists of
decaBDE (>97%), but older commercial products had much higher levels of other PBDE
corgeners particularly octaBDEECB, 2003. Some of the detectable concentrations are
presented belowMonitoring studies demonstrate that decaBDE is a common contaminant
in environmental samples and is present in some samples up to levels of milligram per

kilogram.

Levels of decabromodiphenyl ether in water

DecaBDE is either nedetectable or present at very small concentrations in surface water
in line with its low solubility and high k5, value.Table 2-4 shows leels of decaBDE in

water samples reported by théK Environment Agency @02. The samples were
collected from the Aycliffe sewage treatment plant influent and effluent that receives water
from a supplier of PBDEs as well as upstream and downstream of the sewage treatmen
plant(ECB, 2002. In most of the samples decaBDE&sweither not detected or detected at
concentrations between 0.005 and 0.Q@fl of dissolved decaBDE and one estimated

concentration of 1.2 pg/l in suspended solids.

Table 2-4 Levels of decaBDE in water satap in theUK (ECB, 2003.

Location Concentration (ug/l)
Dissolvedi ND
Suspended solids1.2
(estimated concentration)

Aycliffe sewage
treatment plant influent

Sewage treatment plan Dissolvedi 0.005
effluent Suspended solidsND
: Upstream Aycliffe  Dissolvedi 0.005
River Skere SWTP) Suspended solidsND
Upstream Aycliffe  Dissolvedi 0.015
Demons Beck SWTP Suspended solidsND
Upstream Aycliffe  Dissolvedi ND
Howden Beck SWTP Suspended solidsND
: Two locations Dissolvedi ND
River Skerne downstream Suspended solidsND
Aycliffe SWTP P
River Tees Downstream Dissolvedi ND
Aycliffe SWTP Suspended solidsND

ND: Not detected. LOD: 0.005 pg/l.
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Levels of decabromodiphenyl ether in sediments

Monitoring data for sedimentsalie been generated in rivers and estuaries near to possible
sources of release in the UK. Detectable concentrations are preseritabtler?-5. As
expected from its physicochemical properties, decaBDE is mor¢ likebe detected in
sediments than in water samples. Detectable concentrations ranged between 5 and 3,190
po/kg (ECB, 2003. The locations exhibiting the highest concentration were both on the
River Calder at Cock Bridge and downstream of a sewagemgaatworks (STW). The
results suggested that the sources of contamination might be via the STW and also from an
industrial site upstrearfhlichin et al., 1999. The riversSkerne and Tees also showed high
concentrations of decaBDE in the sediments near to decaBDE suppliers and industrial sites
in the lower Tees estuarglichin et al. (1999 suggestedhat the major source might be the
suppliers of decaBDE at Newton Aycliffe, more than 40 km upstream from the mouth of the

Tees.

The ECB (2002 has estima&d that the Tees estuary may contain about 0.1 tonnes of
decaBDE and that the overall input of this contaminant from the estuary into the North Sea
would be a mean of 0.15 tonnes per year (interval limits QM85 tonnes/year). It is also
calculated thiathe input to the North Sea is 0.2.8 tonnes/year. In addition, de Boer et al.
(200]) carried out a trend study in sediments located in different European rivers where van
Z e i (1999 performed an earlier study. The results showed that between 1995 and 2001
almost all the decaBDE contteations increased by around 5Q00%(ECB, 2002.
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Table 2-5 Detectable concentrations of decabromodiphenyl ether in sediment samples in the UK

Location Concentration
(ng/kg dry wt.)

Avonmouth,furthest upstreafn 7

River Skerne at Crofon-Tee$ Near to a decaBDE supplier 7

River Skerne at Newton Aycliffe Near to a decaBDE supplier 64

Howden Beck Near to a decaBDE supplier 23

Howden Beck Near to a decaBDE supplier 60

River Skerne, upstam of Howden Beék Near to a decaBDE supplier 294

River Skerne, downstream of Howden Near to a decaBDE supplier 95

Beck

River Calder at Cock Bridde Near to a foam manufacturing sif 399

River Calder, downstream of ST\W Near to a foam manufacturinges 3190

River Tees at Stockt8n Near to a decaBDE supplier 209

Tees estuary, Portrack STW Industrial area 5

Tees stuary, No. 23 budy Industrial area 9

Tees estuary, Philips approach blioy  Industrial area 8

River Ribble, Freckleton saltings Near b a foam manufacturing sit 111

River Humber, Padll 17

Demons Beck Upstream of a decaBDE supplie! 58

2Allchin et al. (1999 andLaw et al. (199%5° ECB (2003. LOD: 0.6 pg/kg dry wt.

2.2.5 Polybrominated diphenyl ethers in Colombia

There has not been any known production decaBDE in the Colofihbiasterio de
ambientey desarrollo sostenible, 20t 2however, similarly to other countries, decaBDE has
been used as an additive flame retardant in plastics including acrylonitrile butadiene styrene
(ABS), high impact polystyrene (HIPS) and polycarbonate (PC) and in thecbatikg of
textiles(Blaser, 2009 There are no local figures d¢fea amount of decaBDE usage, exports

or imports. Inventory studies for the global market in 1999 and 2001 show that the
American continent (including North, Central and South America) along with Asia are the
main consumers of decaBDEgble2-6), about 44% of the global market demand in 2001.
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Table 2-6 Global market demand for decaBDE in 1@8% 2001(tonnes)

Americas Asia  Europ Rest of Total Reference
e the world
1999 24,300 23,000 7,500 - 54,800 de Boer (200p
2001 24,500 23,000 7,600 1050 56,100 BSEF (2003n

In contrast to the high use of decaBDE in textiles in the idkKGolombia a major source of
pollution is thought to come from the inadequate disposal of B&ESer, 20090tt, 2009.

Each year, large amounts of obsolete electronic products are discarded and accumulate in
landfills and illegal dump sites. Given the continuous and rapid development of this
industry, most of EEE become obsolete ist jiwo yeargBlaser, 2002 One of the biggest
concerns about-wade is the environmental impact when chemicals are released to
contaminate soils and then can infiltrate into groundwater or runoff to surface waters. In
many developing countries, the extent of the problem associated -wiéiste has not yet

been determirgk

2.2.5.1 Monitoring in Colombia

Information about levels of flame retardants in Colombia is scarce. The only known study
was carried out bfaron et al. (2013in the autlet of the river Magdalena to the Caribbean
Sea near the city of Barranquilla, the major port of the country and a highly industrialized
and urbanized area. The river Magdalena is one of the most important rivers of the country
flowing for approximatelyl,500 km with more than 32.5 million people living throughout

the basin and covering 24% of the national territory (269,128) KDEAM, 2012h.
Sediment samples were taken in 2010 and 2011 for 13 sampling stations along the river
mouth, the coast and the estuarine §Bzaon et al., 201)3 The samples were analysed for
brominated flame retardants (BFRSs) including 38 PBDEs congeners. Large variation of the
concentrations was observed between sampling locations and campaigns. In 2010, BFRs
weredetected in five out of 13 samples with the highest concentration found for decaBDE;
detected decaBDE concentrations ranged between 0.59 toud48 dwt. In 2011,
decaBDE was found in most of the collected samples (8 out of 9 samples) but in smaller
conentrations than in 2010, between 0.18 and u@Bg dwt (Paez, 201p
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2.2.6 Modelling decabromodiphenyl ether in the environment

Since decaBDE is a widely used flame retardant that has been found in high concentration:
in sediments in the UK and Colombia, the present work is focused on this PBDE congener.
The modelling tools used in this chapter include 1) fugacity mod€glNagkay, 1979, to
assess the potential distribution of decaBDE in envirental compartments in the UK and
Colombia; and 2) the GREAER model(CEFIC, 1999, a catchment model coupling a

GIS module and a fatmodel. GREATER is used to simulate the fate of decaBDE in the

Calder catchment in the UK.

2.2.6.1 Fugacity modelling

The calculation of the environmental distribution of a substance is a useful tool in assessing
the potential environmental impact which providesuamderstanding of the environmental
compartments that can be affected and the expected levels of contamination. Fugacity
models also called Mackaype models are based on the principle of environmental
partitioning. This principle states that all substgs move between environmental
compartments (air, soil, water, sediment and biota) and are subject to environmental
partitioning (Mackay, 1979 A chemical substance will move from the compartment of its
entry point towards the ones to which it has a higher affinity. From there, the substance car
be transferred back tahler compartments until reaching equilibrium. A substance can also

undergo chemical transformations in each environmental compartment.

The affinity of a substance to a particular compartment depends on its chemical properties
A substance whose solubilif$) in water is high will tend to stay in this compartment. On
the other hand, if a substance with high soil adsorption coefficiegk i@discharged into

the surface water, it will be rapidly adsorbed to the sediment. Volatile substances will have
highHenr yds <constant ( H) and can move with
place of origin, a process called lerapge atmospheric transportation. Substances with
high noctanolwater coefficient (Ky) will have high affinity with living organismand can

accumulate in plants and animals, either directly or through food chains.

Fugacity (f) is a physicochemical concept, which has been defined as the tendency of &
chemical to escape from one phase to andifiackay, 197%. This property is measured in
pressure units (Pa). Fugacity modelling is applied to an di@iumodel of 1 krf, called

"world unit”, which is divided into the different environmental compartments. This model

57



2. Brominated flame retardants in the UK and Colombia

introduces the concept of environmental capacity, Z, for each compartment which is related
to the chemical concentration at small valyd¥ackay and Paterson, 1982 ugacity
modelling is divided into level®f increasing complexity. A system in equilibrium is
simulated in Level I, where 100,000 kg of the chemical is released to each compartment
(Mackay and Patersoi991 Mackay et al., 1985dvlackay et al., 1983b For this stage,
chemical transformation is not taken into account. The results from thisalevekeful to
identify the main compartments where the chemical is most likely to be found. In Level II,
degradation and advection losses are included. For this level, a fixed emission amount of
1,000 kg/h is used and the system is also in equilibriunulResr Level Il provide an idea

of the overall residence time of the chemical or its persistence and it also identifies the

dominant loss processes.

Fugacity Level IIl calculates the partitioning of a pollutant amongst environmental

compartments using ane complex and realistic assumptions than the two lower fugacity

levels(Mackay and Paterson, 199%ackayet al., 1985aMackay et al., 1985b Level I

is a norequilibrium model where the chemical is continuously discharged at a constant
rate. The loss processes are advection, degradation reactionat@rdedia transport

processes.

The fugacity Equilibrium Criterion model (EQC) includes fugacity level Il calculations
(CEMC, 20032002 Mackay et al., 1996 The user must define emission amounts for each
compartment; therefore the distribution and residence times now depend on the model of
entry. This simlation is regarded as the most realistic. It provides information on the likely
relative importance of intesompartmental transport rates and a more realistic description
of the fate and the expected concentrations in the environment. Input data irfdude t
pollutant physicochemical properties. There are options for three types of chemicals: Type 1
is for chemicals that partition into all media; Type 2 +voiatile chemicals; and Type 3
chemicals with zero, or neaero, water solubility. Other data reqedr are haHife
estimates for different environmental compartments (air, water, sediment, aerosols,
suspended sediment and aquatic biota), and emission data for each compartment, i.e. how
and how much of the chemical enters into the environment. Theatiotubutputs are the
partition coefficients, capacity constant (Z) values and compartmental rate constants and

fluxes, known as Bvalues.
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Palm et al(2002 used a level Ill simulation to evaluate the partitioning of different PBDEs

in environmental compartmentsw® simulations were carried out, the first using emission
for each individual compartment and then emissions for all of them simultaneously. The
typical emission rate of 1000 kg/h was used assuming each chemical to be emitted to the
air, water, and soilndividual emissions in the compartments predicted that nonaBDE tends
to remain in the medium to which is discharged. However, for most of the other chemicals
when emitted to air, they are predicted to be transported to soil and sediment. When emitte
to waer the contaminants are transported to sediments with increasing proportion as
bromination increases; this is expected since their water solubility decreases as brominatior
increases. If emitted to soil, brominated compounds tend to stay there duer thighei
adsorption coefficient. Finally, as br omi
for organic carbon and lipid media increases

2.2.6.2 GREAT-ER model

The GREATER model GeographyreferencedRegional ExposureAssessmentool for
EuropeanRivers) (CEFIC, 1999 combines GIS with a steadyate fate model to predict
'‘downthe-drain’ chemical concentrations in European surface satkmg a river or a
catchment area. The model is most suited for modelling contaminants that are emitted dowr
the drain from wide dispersive consumer use, or from defined point sources such as SWTP
It can be used for environmental risk assessment an@gearent of chemical in river
basins. GREAIER permits the evaluation of specific zones, to visualize PECs in specific
points and identify hot spots as well as regional averages with a small amount of input datzs
compared to other more complex dynamic riwevdels. This allows the model to achieve

fa high degree of accuracy i n c¢ h(&dowangd e x
2012. This model also uses European regulations and methodology to calculate predictec
environmental concentration (PEC) values. The sediment module for GIERAS able to
predict concentrations of contaminants in both water and sediments phases alorgy the riv
network. Input data include basic chemical properties, degradation data for different
environmental compartments, river and WWTP removal data, and the emission data pel

capita(Koormann et al., 2006

Monitoring programmes to evaluate GREAR have been carried out in European
catchments including studies in Yorkshire (UK), Lambro (ltaly), Itter (Germany) and Rupel

(Belgium). The studies have shown very damreements between modelling results and
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monitoring data(CEFIC, 1999. The model has been used successfully to assess the
exposure opersonal care products, detergents and pharmaceytgsiscchi et al., 2012
Cunningham et al., 2®). More than 175 publications using GREAR have been
published to date for different environmental issues. However, there are no reported studies
using GREATER for brominated flame retardants. In the present project GRERWill

be used to assedsetchemical concentrations of BFRs in the Calder catchment in the UK

and the results will be evaluated against sediment data generated in this study.
2.2.7 Calder catchment

The Calder catchment is located in West Yorkshire, Northern England. The catchment
comprises 957 krhand its main river, the Calder, flows for approximately 72 km from its
source at Heald Moor near Todmorden to its confluence with the River Aire near
Castleford. The main river tributaries include the River Hebble and Colne. Nearly 770,000
peope live within the catchment ar§@K Environment Agency, 2030 Major urbanised
areas in the catohent are located in Huddersfield, Dewsbury, Halifax, Todmorden and
these heavily pollute the river. Organizations such as Calder Future, local industries and
Yorkshire Water have worked together to improve the water quality of the (Qadder
Future, 2014 Despite these efforts the catchment continues to be a heavily industrialized
area including textile and polymeric et with a potential environmental input of flame
retardants.

Castleford

8 12 16
e s Kilometers

Figure 2-2 Location of the Calder catchment and its subareas
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2.3 Methodology
2.3.1 Decabromodiphenyl ether in the UK
2.3.1.1 Emission calculations

Consumption eshates are derived from the latest reported global European figures which
range between 6,900 and 8,600 tonnes/yB&EF, 2010 VECAP, 2010. The smallest

value of the range was used in the calculations since a reduced consumption is expecte
nowadays due to increasing restrictions and improvements in the recycling and disposal of
WEEE. Since decaBDE consumptiontextile is expect to remain constg@CB, 2003,
polymeric consumption could have fallen to 4,200 tonnes/year of which 20% were
estimated to be imported as finished articles, following relative estimates froECiBe
(2002.

Europeammethodologies to calculate emissions of decaBBEB, 2004 2002 including

global and per capita consumption figures for Europe and the UK are used to estimate
emissions of deaBDE in the UK. European emission values of decaBDE were calculated
by the European Chemicals Bureau (EGQBPO04 using results from different studies
including one carried out by the industry producing flame retardants,Bthmine
Environmental Science Foru(BSEBR, which investigated emissions to air and water from

six plastic and three textile sitasing decaBDE in the EU.

In the present studyndividual emissions for each processing stage of polymers and textiles
in the UK are calculated and then added together to estimate global emission values o
decaBDE for each environmental compartmeBmissons from production are not

calculated since there is no current production of decaBDE in the UK.

Polymeric applications

Emissions from polymeric applications are expected to be considerably reduced since
decaBDE was banned for electric and electronmiegtions; however, this flame retardant

is used in other polymer items like foams and hotmelt adheddveske et al., 200%ECB,

2002. Emissions from polymeric applications are expected to come fromrtoessing

sites, their service life and recyclingigure 2-3) (ECB, 2003. Since no consumption
figures of decaBDE are available for polymeric applications in the UK, this figure is
calculated considering thestimated EU consumption figure of decaBDE for plastic and

polymer applications of 4,200 tonnes per y&a2010, he EU27 population was about 501
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million and in the UK 62 million(United Nations, 2010 Based on the consumption per
capita in Europe, the UK consumption of decaBDE is estimated to be 520 tonnes/year of

which 104 tonnes/year would enter the country as finished articles.

Polymeric applications
DecaBDE consumption in the UK: 520 ton/year

Processing sites
Air: 10.0 kg/year Service life
Wastewater: 0.8 kg/year

Recycling and disposal
Air: 0.0087 0.6 kglyear

Volatilisation
Air: 0.027 0.08 kglyear

Particulate losses
Air: 0.010 kg/year
Surface water: 2.6 kg/year
Industrial/urban soil: 7.8 kg/year

Figure 2-3 Consumption figure and losses of decaBDE from different stages in polymeric
applications

Emissions of decaBDE coming from polymer processing sites are reported to be due to
losses of powders when handling raw material and also from theocmipg stage. Both
processes are susceptible to dust generation. Losses will be as dust to solid waste (which
could be recycled or disposed), wastewater and small amounts to wastewater streams (when
washing or cleaning down floors and equipment). In amdithere will also be an emission

from the volatilisation of the flame retardant at high processing temper@a@es 2002.

The ECB(2004) reported calculated emissions of decaBDE from processing sites to air and
water in the continent to be 81.0 and 6.6 kg per year, respectively. Assuming that the UK
has 12.4% of the total European consumption, the emission ioctlmry to air and water

would bel0.0 and 0.8 kg/yearespectively.

Emissions of decaBDE from polymers during service come from volatilisation and
particulate losses from products in use and particulate losses during recycling and disposal

(ECB, 2004. The ECB (2004 calculated emissions from volatilisation from polymeric
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products using the results from research carried out by Kemmlein €088, which
determined the volatile emissions of PBDEs from a variety of products including insulation
materials, assembly foam, upholstery/mattresses and electronic equipment. Emission factor
of between 0.29 and 1.05 kg/year were calculated for Europe fronc [@estles for 7,100
tonnes/year (i.e. the consumption figure and the imported product). Therefore, the
volatilisation emission of decaBDE for the UK, which has a consumption plus import figure

of 520 tonnes of polymers with decaBDE per year, would B2100008 kg/year.

The particle losses from products in use are primarily released to industrial/urban soil, air
and surface water. This type of waste is generated when using outdoor products and durin
polymer disposal. Particulate losses of 0.14 kg/yeair, 35.3 kg/year to surface water and
106.5 kg/year to industrial/urban soil were calculated for Eu(B@B, 2004). Therefore,

the expected particulate losses from products in use in the UK would be 0.010, 2.6 and 7.¢
kg/year to air, surface water and industrial/urban soil, respectively. Finally, the estimated
emission to air from the recycling of polymersdarope is reported to be 0.1B.8 kg/year

(ECB, 2003. Therefore, this emission for the UK would be 0.0a86 kg/year.

Textile applications

Emissions from textile applications are expected to come from the processes of formulation
and backcoating at processing sites, their service life and recychkigufe 2-4) (ECB,

2002. The sources of release during formulation and application of decaBDE to textiles are
the dust generated when adding the flame retardant powder into theixereand also
release to wastewater during the baokting process and when washing eqtipment

(ECB, 2002. The ECB(20049) reported emissions of decaBDE from textile sites to air and
water in Europe tdoe 3.7 and 166 kg per year, respectively. It is considered that the
consumption figure of decaBDE for textile applications is 2,500 tonnes per year in Europe,
where 1,250 tonnes per year correspond to the UK. Therefore, the emission in the UK to ai

and waer would be 1.8 kg/year and 83 kg/year, respectively.
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Textile applications
DecaBDE consumption in the UK: 1,250 ton/year

Formulation and Disposal
backcoating o Air: 20.8 kg/year
- Service life
Air: 1.8 kglyear Surface water: 5,189 kg/year
Wastewater: 83 kg/year Industrial/urban soil: 15,625

Leaching loss
Wastewater: 12.5 kg/year

Figure 2-4 Consumption figure and losses of decaBDE from different stages in textile applications

The ECB(2004) considered that 2% of the textiles with decaBDE are subject to washing
and that the leaching loss of decaBDE over a textile lifetime is 0.05%. Considezggy th
figures, the emission of total decaBDE can be estimated to be 12.5 kg/year to wastewater in
the UK. Finally, the ECE2002 suggested a particulate loss of decaBDE in textiles from
disposal of 2%, and the releases are thought to end up to industrial/ut{@zB%g, surface

water (24.9%) and air (0.1%). Using these assumptions to calculate for the UK, the
calculated emissions are 20.8 kg/year to air as dust, 5,189 kg/year to surface water and

15,625 kg/year to industrial/urban soil.

2.3.1.2 Fugacity modelling

The fugacity Equilibrium Criterion model (EQC) version 2.02 was used to estimate the
environmental partitioning of decaBDE in different environmental compartments in the UK.
Levels I, Il and Il were applied using reported physicochemical parameters for decaBDE
(Table2-1 and Table 2-3). The predicted concentrations and release amounts for level Il

should benterpretedas an average for an areal®f000 kni. The input emissiodata used

for level Il are the ones calculated from the methodology in Seti®i.1 Wastewater

and surface water emissions were added to the water compartment in the model.
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2.3.1.3 Simulation of decaBDE in the Caldetatchment using GREAIER

The GREATFER model was used to study the fate and behaviour of decabromodiphenyl
ether in the Calder catchment in the UK. Before running the model it was necessary to
collect information about: 1) the geographical location of tbpufation settled in the
catchment and 2) geographical location of the possible sources of decaBDE release such ¢
flame retardant suppliers, foam manufacturing, textiles and other industrial sites. This
information was brought together from an online syrinap of the study area from tb&
Environment Agency (2031 The map includes annual information about the location of
industrial sites including a description of their processing activities, type of industry and

concentrations released to the environmentdtharised substances.

Potential release sites were identified according to the type of industiaée @-7).
Emissions figures were calculated using the emission data from processing sites from the
EU risk assessent (0.5 kg of decaBDE per year to wastewater for a polymer site and 7 kg
of decaBDE per year to wastewater for a textile $E€)B, 2004 BSEF, 2003h Emission

of decaBDE to surface and wastewater per capita for the UK were also calculated using the
results from the calculated essions (Sectio.3.1.) and added as input data in GREAT

ER. The total decaBDE released to water sources (surface water and wastewater) for th:
UK is 5,288 kg/year. Therefore, the emission of decaBDE surface atdweder per capita

for the UK is 8.53 x 18 kg/(year.cap).

Table 2-7 Potential sites for decaBDE releases in the Calder catchment

Estimated releases

Location Sites to wastewater
(kglyear)
Sowerby Bridge A polymer site (polyuretharfeam) 0.5
Halifax A polymer industry 0.5
Ripponden A chemical site with textiles (carpets) 7
Huddersfield A textile site 7
Dewsbury (Batley) A textile site carpet, compounds and foam 7
Dewsbury (Batley) A plastic, polymer ad coating industry 0.5
Dewsbury Two textile site carpet industry 14
Dewsbury(Heckmondwike) A textile sitel carpets and rugs manufacture 7
A plastic, adhesives and coating industry

Cleckheaton 0.5

polymer
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Additional input parameters included infoation about the removal of decaBDE from
treating wastewater which was gathered from a mass balance of decaBDE carried out in a
WWTP in Stockholm which calculated removal values from the different treatment stages
in the plant(Ricklund et al., 2009(Table 2-8). The removal for sewer was estimate from

the difference between these values and the total estimated removal during wastewater
treatment repded byKaolic et al. (200% of 93%. Following this methodology, GREAER

was used to generate concentration map with decaBDE concentrations for the Calder

catchment.

Table 2-8 Removal input values included in GREAR for the simulation of decaBDE in the
Calder(Ricklund et al., 2009

Removal stage Removal (%)

Sewer 25

WWTP primary settler 57

Activated sludge plant 8

Trickling filter plant 3
"Estimated

2.3.1.4 Sediment monitoring in the Calder Catchment

Seven sediment samples were cobecon May 1T 2014 from different locations in the
Calder catchment to study the occurrence of PBDEs in sediments and to generate data for
model evaluation. The sampling locatiofsglre 2-5) were selected accard) to model

results covering different concentration ranges; locations are shown. A Van Veen grab of
0.5 liter was used to collect surface sediment samples from the top of bridgesaBnent

of the samples involved ailrying and passing through a 2mmesh sieve. Sample sizes
varied along the river due to issues with the high river depth, flow, presence of rubbish and
stony bottom when moving downstream in the catchment. Sample sizes sent for analysis
were 100.0 g from locations between Luddenden Mndleld, 22.2 g from Bride Road,

9.69 g from Wakefield and 12.7 g from Stanley. However, due to the high sensitivity of the
analytical method and expected large concentrations, samples sizes were not an issue for the
analysis. Samples were sent for aniglyd decaBDE and other congeners at the Food and

Environmental Research Agency (FERA) in York.

The target PBDE analytes included (BDE-17 and BDE28/33), tetra(BDE-47, BDE49,
BDE-66, BDE71 and BDE/7), penta(BDE-85, BDE99, BDE100, BDE119 andBDE-
126), hexa (BDE-138, BDE153 and BDEL54), hepta(BDE-183), and deca BDE-209)
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bromodiphenyl ether congeners. These PBDE congeners were selected on the basis of the
relatively high content in the commercial produ@sT, 2009 Schlummer et al., 20Q0Ta
Guardia et al., 20Q06Hites et al.,, 2004 and others which can only occur from
debromination since they were not reported in formulations. This would help to identify
profile patterns and signs of debromination. They are also the most filggdetected

congeners in the environment.

@ Sampling peints
. Luddenden

. Sowerby Bridge

. Huddersfield

. Mirfield

. Bridge Road

. Wakefield

. Stanley

~ GGk WhN

24 32
e meessw s Kilometers

Figure 2-5 Map with the location of the sediment samples collected in the Calder catchment

2.3.2 Decabromodiphenyl ether in Colombia
2.3.2.1 Inventory of decaBDE in Colombia

An inventory on decaBDE is the first step to acquire an understanding of the national
situation concerning this chemical. The Stockholm convention has provided technical
guidance for inventory of POPBDEs (UNEP, 2012 The inventory aims to gather
information related to the past and current production and uses, tgpeseéucts containing

the chemical in finished articles on the market, recycling and disposal. In the present study
an initial assessment and preliminary inventory of decaBDE in Colombia were carried out
(Tier I and I, respectively) for polymer and tegtihpplications; the inventory was focused

on the use of decaBDE in EEE and carpets, respectively.
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Inventory of decaBDE in EEE/WEEE

The inventory commenced by gathering existing information about usage of decaBDE in
Colombia and inventory data on articlesytain decaBDE mainly EEE, waste EEE (WEEE)

and textiles. The main EEE/WEEE devices that contain decaBDE in Colombia belong to
categories 1 (large household appliances), 3 (IT and telecommunications equipment) and 4
(consumer equipment) covered by the EER¥E Directive(European Commission, 2003

In Colombia, Blaser (2009 has undertaken an inventory of EEE/WEEE for the first
(refrigerators and washing machines) and the fourth (televisions), video (VHS, Betamax
and DVD) and audio (radios, stereos,-Hii DVD discs and cassettes, speakers and
amplifiers) categories andtt (200§ for the third (computers and mobile phones) category.
The total amount of decaBDE in EEE was calculated usqgtion2-1:

Equation 2-1 I\/ldecaBDE: MEEEq) x fPonmer(k)x Cde(:aBDEK);Ponmer(k)

whereMgecepe is the amount of decaBDE in Kin the polymer K) of EEE ()), Meegy) is

the amount of EEF) in tonnes (either imported, stoclgul or disposed)pfiymeris the total
polymer fraction in the EEE, anth&aspei:rolymetk) IS the content of decaBD{) in the total
polymer fraction in kg/tonn@JNEP, 2012. Therefore, the information needed includes the
amount of EEE/WEEE in Colombialgble A2 1) and their weight Table A3 2),
information about the amount of polymers in the different EEE/WEEbIé A2 3) and
the contat of decaBDE in those polyme($able A2 4). DecaBDE contents in finished
productsusually ranges between 10 and 15% by weight of the polymer appli¢BiEB),
2002.

Inventory of decaBDE in textiles

Reported information about the production, imports and mspiigures of carpets in
Colombia from 1999 to 2009 was the base of the invenibaplé A3 5). The apparent
consumption bcarpets in 2010 was 101,98nes.DecaBDE is reported to be applied to
textiles by bak-coating in the range of 7.5 and 2&CHA, 2012ab). Reported amounts

of decaDE used for backoating textiles range were used in the inventory since there is

no regulation of the maximum amount of decaBDE used in Colombia.
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2.3.2.2 Emission calculations

Polymer applications in EEE/WEE

Emissions of decaBDE were calculated following the wethogy described by thECB
(2002,2004) since there is no available information about emissions of this compound in
Colombia. The estimated amount of decaBDE used for EEE production in 2010 was 3.8
tonnes based on prodian figures and usingquation2-1. Emissions from use in polymer
applications can occur during handling of the chemical, compounding and conversion,
volatilisation and waste remaining in the environment fromuses of products containing

the flame retardant and from dispodab(ire2-6).

Polymers in EEE/WEEE

Processing sites Service life Disposal
decaBDE consumption decaBDE from products in Air: 0.3 - 0.4 kglyear

from production: use and imports: Surface water: 72.3 - 108.5 kg/year

3.81 tonneS/year 53.42 tonnes accumulated Industrial/urban soil: 217.9 - 326.8
kglyear

Han?rlie:]tger(i);raw Volatilisation
| _ Air: 0.0003 - 0.0008
Landfill: 61.02 kg/year kglyear

Compounding and
conversion

— Air: 1.91 kgl/year

Wastewater: 0.38
kglyear

Waste remaining in the environment
Air: 0.2 kglyear
Surface water: 52.7 kglyear
Industrial/urban soil: 158.7 kg/year

Figure 2-6 Consumption figure and losses of decaBDE from different stages of polymers
EEE/WEEE applications in Colombia

Losses of powders during the handling of raw flame retardant can account for up to 1.6% of
the handled material; this is expected to be disposed to landfill but it is possible that a small
amount could reach wastewat€ompounding is thought to contribute to dust generation
but in lower amounts than in the handling stage which in a worst case scenario can be
around 0.064UCD, 1999 (0.05%to wastewater and 0.01% to air).
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Kemmlein et al. (2003studied the volatilisation behaviour of PBDESs including decaBDE.
This study foud an emission rate of decaBDE of 0.28 ngfur for a TV casing which

was used byECB (2003 to calculate emission to air from this route in Europe. This
emission rate was also used to calculate the emission rate in kg per year daglisatioh

of decaBDE from EEE in Colombia using a similar methodology to that in E{EDB,

2004 2002: i) the total amount of polymer in EEE equipment from articles inegoaind in

use in 2010 was estimated to be 534 tonnes (from the inventory data); ii) the amount of
decaBDE in those plastics was estimated to range between 53.4 and 80.1 tonnes (the typical
concentration of decaBDE in plastics is between 10 and 15%)ss§i)naing a density of

800 kg/nt and that the plastic used in finished EEE articles has a typical thickness of 2 to 5
mm, the total surface area of plastic containing decaBDE can be estimated to be between
1.34 x 16 and 3.34 x 19m? in 2010. Therefore, usg the reported emission factor of 0.28
ng/nf/hour, the total emission of decaBDE due to volatilisation in Colombia would be
between 3.28 x Ihand 8.19 x 18 kg/year.

The waste remaining in the environment refers to any particulate loss of decaBDtdrom
normal use of products containing the flame retardant. These particles are thought to end up
mainly in industrial/urban soil but some could also be released to surface water and air. A
similar approach to the one taken in a risk assessment @rethylhexyl) phthalatd RAR,

2000 was used to estimate decaBDE losses in Eu(B@B, 2002 was used here. The
approach involves severassumptions, some of them include: i) the amount of decaBDE in
articles disposed each year is the same as for new articles; this would be true for the case of
Colombia until the phase out of EEE products containing decaBDE in 2013; ii) only
outdoor appliations are considered to contribute significantly to the emissions; emission
products for outdoor use are 10%; iii) the total release of decaBDE from articles over their
service life is 2%; iv) emissions can also occur at disposal; v) the partitionimgisgiens

to soil, surface water and air is 75, 24.9 and 0.1%. Therefore, the calculation steps and the
estimated waste remaining in the environment from EEE in Colombia are shdvablan

2-9.
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Table 2-9 Calculation steps of waste remaining in the environnoser the lifetime of products
containing @caBDE in Colombia

Calculation step Amount (kg)
Remaining decaBDE after volatilisation 53,427
Total amount in plasgts for outdoor applications (10%) 5,343
Amount loss of 2% over lifetime 106.9
Total amount remaining in plastics at disposal 5,236
Emissions at disposal of 2% 104.7
Amount in EEE for disposal 5,131
Estimated amount of waste remaining in the envirartm 211.6
75% to industrial/urban soil 158.7
24.9 to surface water 52.7
0.1% to air 0.2

The ECB (2004 calculated emissions of decaBDE from plastic articles using data from a
recycling facility of WEEE in Japan. However, in Colombia the WEEE is normally sent to
landfill since recycling of these articles continues to be minimal. A similar approabke t

one used previously about emissions from waste remaining in the environment was used t
calculate the emissions from WEEE at dispo3ab{e 2-10). In this case, the calculated
decaBDE in WEEE in 2010 at theventory stage was used. Then, the amount loss during
the service life of outdoor applications was removed to avoid double counting. A 2%
emission at disposal was also applied to estimate the total decaBDE loss at this stage whic
was then partitioned usj the pattern, 75% to industrial/urban soil, 24.9% to surface water
and 0.1% to air.

Table 2-10 Calculation steps of waste remaining in the environnantisposal of products
containingdecaBDE in Colombia

Calculation step Amount in (kg)
Amount of decaBDE in WEEE in 2010 14,5551 21,832
Amount from previous outdoor applications (10%) 1,4557 2,183
Amount loss of 2% over lifetime 29.17 43.7
Amount loss from outdoor applications 14,5261 21,788
Emissios at disposal of 2% 290.5i1 435.8
75% to industrial/urban soil 217.91 326.8
24.9% to surface water 72.31 108.5
0.1% to air 0.31 0.4
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Textile applications in carpets

The estimated amount of decaBDE used in textiles in 2010 in Colombia would be around
7,645 to 20,387 tonnes (Secti@®.2.). Emissions of decaBDE from formulation and
backcoating of carpets in Colombia are thought to have a similar behaviour to the UK since
this process is not expected tofelifagnificantly between countries-igure2-7). Therefore,

for a decaBDE usage between 7,645 and 20,387 tonnes in 2010 fardadicky of carpets

the estimated emissions to air and water would bie 29 kg/yearand 508 1,355 kg/year,

respectively.

Leaching loss from products in use was estimated assuming that textiles subject to washing
account for 2% of the total decaBDE usage and the total decaBDE loss from washing is
0.05% over the life time of the produd@terefore, a total leaching loss of 7@03 kg/year

could be released to wastewater.

Particulate losses at disposal can be estimated following the procedure used for polymers. A
2% loss was assumed to occur from products containing decaBDE, and #aseselvere
thought to end up in industrial/urban soil (75%), surface water (24.9%) and air (0.1%). The
estimated decaBDE released to those media aré BD5, 387 102 and 0.1 0.3 kg/year,

respectively.

Textile applications
DecaBDE consumption in Colombia: 7,675 - 20,387 ton/year

Disposal
Air: 0.1 - 0.3 kg/year
Surface water: 38 - 102 kg/year
Industrial/urban soil: 115 - 306 kg/year

Formulation and backcoating
Air: 11 - 29 kglyear Service life
Wastewater: 508 - 1,355 kgl/year

Leaching loss
Wastewater: 76 -203 kg/year

Figure 2-7 Consumption figure and losses of decaBDE from different stages in textile applications
in 2010 in Colombia

72



2. Brominated flame retardants in the UK and Colombia

2.3.2.3 Fugacity model

Similarly to the UK modelling, fugacity level 1l was applied to estimate the environmental

partitioning of decaBDE in diérent environmental compartments from emissions due to

EEE/WEEE and carpets in Colombia using the emission estimated in S2ci@n2

Modelling resultsvereevaluated against reported monitoring data inotimget of the River

Magdalena (SectioB.2.5.].

2.4 Results

2.4.1 Decabromodiphenyl ether in the UK

2.4.1.1 Estimated emissions

The estimated emissions of decaBDE for the UK are summarisEabie 2-11. Emission

results showed that decaBDE can be released into the environment during its incorporatior
process into products, products use and after disposal. The most important source of releas
is the particulate loss during textile dispb§99.4% of the global emissions). Considering
expected behaviour of the contaminant from its physicochemical properties, the decaBDE in
soil is expected to be strongly absorbed to the soil particles and therefore will remain
unmovable. Thus, the main amrn to the environment is when decaBDE is released to

surface water and wastewater.

Table 2-11 Calculated emissions of decabromodiphenyl ether in the UK

Scenario Releases in the UK (kg/year)
Processing s&s 10.0 to air
0.8 to wastewater
Volatilisation 0.027 0.08 to air
Polymers Particulate loss 0.01 toair
2.6 to surface water
7.8 to industrial/urban soil
Recycling 0.008i 0.6 to air
Formulation and baek 1.8 toair
coating 83 to waste water
Textiles  Leaching loss 12.5 to wastewater
Particulate loss during 20.8 toair

disposal

5,189

to surface water

15,625 to industrial/urban soil
Maximum global 33 toair
emission figures for the 5,211 to surface water
UK 77 to WWTP

15,633 to industrial/uban soil
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2.4.1.2 Fugacity Model

The fugacity distribution diagram for level | when the system is in equilibriigufe 2-8)
showed that the vast majority of the decaBDE is predicted to be partitioned into soil
(96.6%) ad sediment (2.15%). A noticeable amount of 1.15% is partitioned to air.

Partitioning to water was small 0.06%.

The introduction of degradation and advective outflows in the compartments (Level Il)
(Figure 2-9) shaved the same partitioning as at level I. The dominant loss process was
degradation in soil. The high advective value to air demonstrates theraogg
atmospheric transport potential of decaBDE which agrees with studies that have reported
the contaminanto be present in the Polar regio(@esonie, 2008 Gouin and Harner,
2003.

The fugacity distribution diagm for level 1l when using the calculated emissions to
different compartments in the UKrigure 2-10) showed that most of the decaBDE was
partitioned to soil (86.2%) and sediment (12.9%). Partitioning to watkasrwere small

(0.74 and 0.066%, respectively). The most important-imiedia exchange was from water

to sediment (0.367 kg/h) and from water to air (0.128 kg/h). The estimated decaBDE
concentration in sediment was 10u®/kg which is within the range fodetectable

concentrations in sediment in the UKi(3,191ug/kg).
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All loss rates have unitz of kgsh.

EQC decaBDE in EQC Standard
Yersion 2.02
& Levell 1152 kg [1.15 %]
 Level Il Conc = 11.5 ng/m?
= Level Il
36571 kg [96.6 %) Viater
Caonc = 4.47 na/q salids 58.6 ka [0.0586 )
Conc = 0.293 ng/L
| legend
EQUILBRIIM ;
5 ! Total Mass = 1.00E+05
! : Sediment
'  Fugacity = 2.93E-08 Pa
. 2146 kg [215 %]
i ; Cone = 8.94 ng/g zolids
Figure 2-8 Fugacity distribution diagram for level |
EQC decaBDE in EQC Standard
Yersion 2.02
e Lovall 51249 kg [1.15 %)
EYE
o ii Conc = 512 ng/mé
= Level I
e=3p== 250
4 29E +006 kg [96.6 %) Water
Conc =193 ng/g zolids 2604 kg [0.0585 =) 0.276
.f_ ----- c:fl Conc =13.0 ng/L
! [ L=l .
= | <
! REACTION ! 455 @
5 > ' Fugacity = 1.30E-05 Pa 1.91
! v Residence Times i =
VADVECTION | Total = 4447 h Sediment
: i FReaction = 9208 h 5%
= I R e
, v Total Emizzion = 1000 kg Cone = 398 ng/g =olids ’
VEQUILIBRIUM,  Tatal Mass = 4458 +05 kg

Figure 2-9 Fugacity distributia diagram for level I
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EQC decaBDE in EQC Standard
Yersion 2.02

3.50E 03 128 kg (0.0661 %
£ Levell Fi kOO )] = 430
Cone = 01128 ng/m

 Lewelll

n1za

3'535% 136603
BO1E-04

Watar *0.143

16754 kg [B6.2 %)
Fug. = 5.08E-09 Pa
Conc = 0.776 ng/g solids

1.90E-03

143 kg [0.739 %)
Fug. = 2.21E-08 Pa 0.msz
Conc = 0.717 ngdL

Legend
EMISSION ! ~F
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1.78
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0.35@ ﬁ 00506

0.0303

! Tatal = 3150 h i
P Ta> 0 Reaction= 9423k sediment
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: = v Total Mass = 19426 kg Conc = 10.5 nag/g solids
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rERCHAMGE + Al emission, transfer, and loss
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U

Figure 2-10 Fugacity distribution diagram for level Il in the UK

2.4.1.3 Monitoring decaBDE in sediments in the Calder catchment

Monitoring concentrations from sediment samples alon@tddercatchment are shown in
Table2-12. Unfortunately, some of the concentrations were weddémated in the analysis

due to saturation of the detector so they are presented as indicative concenbDdtitats.
extracts are also indicative as at these concentrations, the measurement of the internal
standard was affected and the value would be beyond the measured linearity range. This
was the case for decaBDE in most of the samples and for&8Ddhd BDE99 at Sanley.
Indicative concentrations have different levels of urasmation(small, medium or large
marked as *, ** and *** inTable2-12), based on the relative response of the analyies

worst undefestimationis likely to be for BDE209 measurement for the sediment sample at
Stanley; the reported value of 2,622 ug/kg could actually be between 25,000 and 100,000
po/kg. In addition, some of the concentrations were uedémated because of the
contribution to he measurement of the internal standarg)(from the native *fC) since

the concentration of the natives was very large for some of the samples (i.e. the calculated
recovery of BDE209 appeared to be much higher than it should be) so in the worstease th

native concentration could be undmstimated by a factor of up to 50 times.
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Table 2-12 Concentration of PBDEs in sediment samplegu¢ifkg dwt)from the Calder catchment

PBDE Luddenden Sé’r‘?(’jegsy Huddersfield Mirfield BF;'C‘:E; Wakefield Stanley I;]e;(;?;?f:
(% of the
17 <0002  0.002 0.040 0.045 0045 0109  2.10 0.05
28/33  0.005 0.007 0.065 0078 0073 0241 484 0.11
47 0.168 0.149 1.14 147 152 765 857 2.05
49 0.011 0.015 0.143 0.188 0.177 0615 139 0.32
66 0.010 0.012 0.068 0.094 0090 0342  6.01 0.14
71 <0.002  0.002 0.020 0.040 0022 0091 181 0.04
77 <0.002  <0.002 0.002 0.004 0004 0015 0201  <0.00
85 0.007 0.007 0.068 0.074 0.069 0447 106 0.24
99 0.152 0.164 1.81 204 1821 116  150° 3.54
100  0.028 0.030 0.325 0370 0308 211  64.1 1.42
119  <0.002  0.003 0.005 0.009 0006 0028 0.471 0.01
126 <0.002  <0.002  <0.002  <0.003 <0.002 <0.002 <0.007 0.0
153 0.014 0.024 0.184 0259 0.156 123 316 0.71
138 <0.003  <0.005 0.032 0047 0021 0152 311 0.07
154  0.010 0.016 0.111 0.162 0106 0871  28.36 0.63
183  0.014 0.023 0.028 0078 0034 0228 215 0.05
209 10.9 49.7 41.3 468" 164 935" 2620" 90.6

* Indicative results- they are likely to b underestimates due to contribution to the measurement of the
internal standard’{C) from the native }fC). ** Indicative results- these are underestimated because the
detector was saturated. *** Indicative resuitghese are highly underestimated dwesaturation of the
detector and also from the contribution to the measurement of the internal staf@pfidin the native'fC)

The concentration of some of the PBDEs in the samples was higher than expected.
particularly at the downstream points (Nkftl, Wakefield and Stanley). Samples were
treated using an internal standard method which is commonly used for analysing sample:
using chromatography separation. This method aims to compensate for potential sources c
error during the analysis by addingrmown amount of a surrogate compound (similar to the
chemical of interest) to samples and analytical standards, prior to any sample preparatior
and/or analysis. Then, the internal standard would experience the same changes as the targ
analytes and whedeveloping a calibration curve based on the relative response of the
analytes to the amount of the internal standard, most of the errors can be removed. In thi:

case, &°C labelled internal standard was used in the analysis.

The amount of internal standkthat should be added to samples would be the one that
produces a concentration close to that expected for the target analytes or at least within on
order of magnitudéHarris, 201(. Calibration curves are generally prepared over a linear

range of analytical response vs. concentration but when the concentration in the sample:
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exceeds the linear range, the accuracy of the results is affected. The |gboratoe
samples were sent for analysis usually carries out routine analysis of food samples with very
low concentrations using very sensitive methods. Unfortunately, the analyst in the
laboratory was not prepared or not advised that the sediment sampldd shve been
treated differely due to higher concentrations of PBDEs. Therefore, the analysis of lower
brominated congeners with small concentrations was more accurate than for congeners with
the highest concentrations. Multiple internal standards twatered the range of
concentrations for all PBDEs congeners should have been applied in this case where the
potential concentration between lower and higher brominated congeners spans several
orders of magnitude. An initial screening analysis could hdse been carried out to

determinghe right amount of internal standard and to avoid the saturation of the detector.

Increasing PBDE concentrations were found from the top to the bottom of the catchment.
The largest PBDE concentration was found for decaBBEE-209) in all the sampling
locations, representing more than 90% of the total PBDESs in each point. A fluctuation of the
concentration of decaBDE was observed in Mirfield and Bridge Road. High concentrations
of other lower congeners were observed paldity for BDE-99, BDE47, BDE100, BDE

153 and BDEL54 at Wakefield and Stanley.

Most of the lower brominated congeners found in the sediment samples are reported to be
part of the banned commercial formulations of pentaBDE and octa@@pH, 2009
Schlummer et al., 20QTa Guardia et al., 20Qdites et al., 2004 PentaBDE formulation
mostly contained BDB9 (~58%) and BDE47 (~33%), in minor amounts BDEOO/85 and
BDE-153 (-8%), and traces of BDE7, BDE28, BDE15 and BDE183. Marker congeners

for pentaBDEformulations when analysing PBDE patterns are actuzlNz-47, BDE-99,
BDE-100,BDE-153, andBDE-154. The octaBDE formulation had major concentratimins
BDE-183 (43%), BDE197 (35%), with minor concentrations of nonaBDELQ%) and

other octaB®E congeners, BDE53 (11%) and traces of BDES4, BDE180 and BDE

209. BDE183 is considered a marker congener for commercial formulations of octaBDE
since it is the major component in this formulation and is not found in penteecaBDE

formulations(Zegers et al., 2003

The relatively large percentage of B9R, BDE47 and BDELOO would be likely to come
from historical releases of pentaBDE formulation rather that from debromination of other

more brominated congeners. Similarly, the high peegenof BDE153, and the presence
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of BDE-183 were likely to come from historical emissions of octaBDE formulation from
previous uses in the catchment. Some congeners found in appreciable concentrations suc
as BDE17 and BDE28/33 which only appeared asders in pentaBDE and octaBDE
formulations could have also come from degradation of more highly brominated PBDEs.
The rest of the congeners which were not reported to be part of the any PBDE formulation
are most likely to be originated from debrominatidrhigher PBDES; this includes three
tetra (BDE-49/66/77), one pentdBDE-119) andone hexa(BDE-138) congeners.

2.4.1.4 Simulation of decaBDE in the Calder catchment using GREAR

Simulated concentrations of decaBDE in sediment and water in the Calder cdtakimgn
GREAT-ER are shown in the map Figure 2-11. As expected from the physicochemical
properties of decaBDE, the simulated concentrations in sediment @800pg/kg) were
significantly higher than the sirfated values in water0(007 i 0.082 ug/l). Simulated
concentrations generally increased in the main river from the top to the bottom of the
catchment with some fluctuations near discharge sites. The tributaries showed a differen
behaviour concentratiorgenerally decreased from the top to the confluence with the Calder
due to the presence of populated and discharge areas nearby. A profile of the sedimer
concentrations across the main river from Luddenden to the river dtiaté2-12) shows

that the concentrations between discharge values tended to remain constant until the
discharge sites when abrupt changes to higher concentrations were observed. A sligh
decrease in concentrations was observed immediatédyebeeaching the discharge sites
maybe due to removal processes in STW at those points. Increases in concentrations

discharge sites were predicted to be up to a factor of two.
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Discharge sites Csim Sediment [ug/kg (dwt)]; :Csim water [ng/I]
® WWTP/STW / 0-1.0 /0
River network /\/ 1.0 - 280 /\/ 1-7
/. Rivers /280 -350 NN 7-8
Lakes /350 - 800 Y 8-17
Catchment boundary 800 - 1300 17 - 28
[, calder 1300 - 2500 28 - 50
#2500 - 3650 » s50-78
M 3650 - 3800 M 78-813
/ > 3800 / >81.3

Figure 2-11 Map of pralicted concentrations of decaBDE in sediment (Csim sediment) and water
(Csim water) in the Calder catchmersing GREATER model
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Figure 2-12 Profile of sediment concentrations (Csim Sediment) atbegRiver Calder starting in
Luddenden. The black line indicates the river section represented on the graph.
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Simulated sediment concentrations of decaBDE using GRERTappeared to be larger
than the observed data for most of the locations; however, wfoghe reported
measurements were considered by the analyst «astienate the true concentrations so
there is uncertainty about the level of agreement between the model and measured value
(Table 2-13). The concemation for Stanley is likely to have been unéstimated by the
model since great undestimation was expected for the measured concentration in this
location (the observed concentration is expected to range between 25,000 and 100,00
ny/kg dwt). The only notindicative concentration was for Luddenden which was -over
estimated by more than one order of magnitude. The model generally simulated well the
pattern of increasing concentrations along the river; the exception was for Bridge Road

where the model could not capture the observed decrease in the concentration.

Table 2-13 Observed and simulated decaBDE concentration in sediments in the Calder using
GREAT-ER

. Simulated Observed
Location

(my/kg dwt)

Luddenden 325 11
Sowerby Bridge 405 50
Huddersfield 1,225 41
Mirfield 2,022 468~
Bridge Road 3,572 164
Wakefield 3,610 935"
Stanley 3,737 2,621

* Indicative results- they are likely to be underestimates due to contributiothéomeasurement of the
internal standard{C) from the native (12C)

** |ndicative results- these are highly underestimated due to saturation of the detector and also from the
contribution to the measurement of the internal stand3&) from the nativé'°C)

*** |ndicative results- these are underestimated because the detector was saturated
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2.4.2 Decabromodiphenyl ether in Colombia
2.4.2.1 Inventory

A preliminary inventory of decaBDE in EEE and WEEE was carried out using estimated
consumption figures for these iahes in 2010, their plastic content and the typical content

of the flame retardant in plasticeple 2-14). Refrigeratorscathode ray tubeQRT) TVs

and washing machines are the articles containing most ofetteB®E, about 48, 20 and

16% of the total decaBDE in EEE/WEEE atrticles, respectively. Despite the extensive use of
mobile phones in the country (about one mobile per habitant in 2010), this article gave the

smallest contribution of decaBDE consumption.

Table 2-14 Estimated amount of decaBDE in EEE and WEEE in Colombia in.2010

Apparent .
. consumption of EEE in WEEE decaBDE
Articles use/stock
EEE
kgl/year %
Refrigerators 2,181 3,271 25,9337 38,900 5,473 8,209 48.2
Washing 1,1541 1,732  8,032i 12,049 1,715( 2572 156
machine
Desktop .
374-561 1,2477 1,871 7.4
computer B 3,528 5,292
Laptop computer 37-55 37-55 0.1
Mobile phone 3-5 55-82 143-214 0.3
CRTTVS 165-247 11,8801 17,820 1,800i 2,700 19.9
LCD TVs 1,0861 1,629 o0 th S S 16
DVD/TCR 126- 189 619- 929 216- 324 1.4
Audio equipment 375-562 1,8301 2,745 1,680 2,520 5.6
Total 5,501i 8,252 49,6341 74,451 14,555 21,833

The amount of decaBDE in carpets was estimated betweed 499 2010 from the
apparent consumption of this article in Colombia and the reported range of decaBDE
content in textiles. The increasing demand for carpets in Colombia has also increased the
amount of decaBDE used in the country from 1999 to 20d#blé 2-15); decaBDE
consumption has more than doubled during this period (225% increase). Greater

consumption figures of decaBDE were observed in carpets than in EEE equipment in 2010.
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Table 2-15 Amount of decaBDE used for the apparent consumption of carpets in Colombia

Year decaBDE used
(tonnes/year)
1999 3,390- 9,040
2000 3,5676- 9,535
2001 4,027-10,737
2002 4,600- 12,267
2003 4,718- 12,582
2004 4,605- 12,281
2005 5,661- 15,096
2006 5,918- 15,781
2007 5,815- 15,508
2008 6,691- 17,842
2009 8,106- 21,616
2010 7,645- 20,387

2.4.2.2 Estimated emissions

Emissions of decaBDE were estimated for different environmental compartments from
polymer and textile applations in EEE and carpets, respectivalglgle 2-16); global and
individual emissions for each scenario are shown. The most important source of release wa
to wastewater during formulation and bamdating of carpes. Results also show that
decaBDE was mainly released to wastewater, industrial/urban soil and surface water with
emission ranges of 46 58%, 291 36% and 10i 12% of the total decaBDE emitted,
respectively. Emissions to air are very small at betweemid01.2%. These results show
that the main compament of concerrdue to decaBDE emissions is surface water where

wastewater is expected to be discharged.
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Table 2-16 Calculated emissions of decaBDE inl@mbia

Scenario Releases in the Colombia (kg/year)
Handling of raw material 61.02 to landfill
Compounding and 1.9 toair
conversion 0.4 to wastewater
Volatilisation 0.0003i 0.0008 to air
Particulate loss, waste 0.2 toair

Polymers remaining in the 52.7 to surface water
environnent 158.7 to industrial/urban soll

0.37 0.4 to air

Particulate loss during 72.37 108.5 to surface water

disposal 217.91 326.8 to industrial/urban soil

Formulation and baek 11-29 to air

coating 50871 1,355 to wase water
Textiles Leaching loss 767 203 to wastewater

0.17 0.3 to air

Particulate loss during 387 102 to surface water

disposal 1157 306 to industrial/urban soil
137 32 to air
Global estimated emissions of 16371 263 to surface water
decaBDE to each environmental 6227 1,558 to WWTP
media 49271 791 to industrial/urban soil
61 to landfill

2.4.2.3 Fugacity model

The fugacity distribution diagram for level 1l when using the estimated emission to
different compartments in Colombidi@ure 2-13) showed that most of the decaBDE
partitioned to soil (49.8 64.1%) and sediment (33i847.2%). Partitioning to air (0.18
0.25%) was smaller than to water (1.9.7%) due to the small estimated emission to the air
compartmat. The most important intenedia exchange was from water to sediment (0.054
T 0.13 kg/h) and from water to air (0.0190.042 kg/h). The estimated concentration in
sediment ranges between 1.55 and 3.8@kg for low and high emission scenarios,

respectiely.
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Figure 2-13 Fugacity distribution diagram for level 1ll in Colombia for a) low and b) high
emissions

Simulated concentrations in sediment (1i58.62 pg/kg) were undesestimated by up to

two orders of magnitude compared to maximum reported concentrations of decaBDE found

at the outlet of the River Magdalena and the coastal liaebgan 2010 (143.0 and 55.8
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pg/kg, respectively). However, the concentrations matched well the maximum observed
data for the monitoring campaign carried out in 2011 in the same area; observed detected
concentrations of decaBDE at that time varied between 0.2 amdjyX§(Paez, 201R The

reasons for the variability in monitoring results are discussed in S@cEch3

2.5 Discussion
2.5.1 Decabromodiphenyl ether in the UK
2.5.1.1 Emissions

Consumption figues for decaBDE used in this assessment were estimated from the global
reported EU consumption in th¢¢BSRROAD@Bandoy t he f |
the relative consumption distribution in polymers, textiles and imported finished articles

reported i(ECB, 2004 since no updated figures are available either for the EU or the UK.

The latest official assessments in the UK and in the EU have also highlighted this lack of
information (ECHA, 2013 Brooke et al., 2009 Recently,Earnshaw et al. (20)Zarried

out estimations about the consumption and emissions of decaBDE in Europe between 1970

and 2020 using hisrical consumption data from different sources and a dynamic substance

flow analysis.Earnshaw et al. (20)3%stimated consumption at between 4,800 and 8,500

tonnes in 2010 which spans the value assumd#tk present study (6,900 tonnes/year).

The flow analysis for decaBDE lyarnshaw et al. (20)3dentified 26 emission pathways

of decaBDE where 12 assumed that contaminant would be released to airfsevater

and seven to soil. In contrast, this study which followed the methodology BCB€2004)

only identified a total of 15 emission pathways; seven to air, six to water and two to soil.
Differences in the number of pathways were due to a more complex breakdown of the
production, use and disposal of products containing decaBDE as well faserdif
assumptions about the media of release. For inst&aceshaw et al. (20)4onsidered that
emission to air either as gas or particulaveind materiawould be more important despite

the low vapour pressure of decaBDE. In addition, the waste management stage was
described in more detail; their analysis considered emissions from incineration, sewerage
and landfill, export and recycling of products andtemial containing the flame retardant

was also considered in the analydsrnshaw et al., 2013Landfill has decreased in most

European countries with an increase in incineration and recycling, but waste management
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differs between European countries. For example, Sweden has almost eliminated landfill
operations from household waste (<1% in 20@SQyerige Avfall, 2012 In the UK, the
recycling and incineration rates reached 43.2 and 13% of the total household waste in
2012/13 respectivelyith variation across local authoriti@@EFRA, 2013.

Estimated emissions for the UK were higher than the estimated regional values in the EU
risk asessmen{ECB, 2004 by a factor of 1.7 due to high usage of decaBDE in textiles.
Waste management was the doamt source of release of decaBDE, particularly from
particulate loss during textile disposal (99.4% of the total estimated loss) but mainly to soil
and only to a lesser extent to surface water and air. Other studies for the EU also identifiec
the disposastage as the most critical in term of decaBDE emisgigasshaw et al., 2013
ECHA, 2013 ECB, 2003.

Figure2-14 compares the estimated decaBDE emissions in the UK with results from other
studies. Emission data from the original studies were modified to a per bapitafor
comparison. The distribution of the estimated emissions for the different environmental
media in the UK was similar to that obtained by H@B (2004 since the methodology of

this EU risk assessment was followed for the UK calculations. Estimated emissions to water
and soil in the UK were higher than for other European studies by up endrtevo orders

of magnitude, respectively. Calculated emissions from th¢Ezthshaw et al., 201ECB,

2009 scaled down to a per capita basis would represent the behaviour of an average
European country. However, the UK is expected to have a different behaviour and higher
emissions due to differences in usage pattern from the high use of decaBDE in textiles
(ECB, 2004 UK Legislation, 1993 The calculated emission for DenmdfRalm et al.,

2002 and the recent estimations for the Etarnshaw et al., 20)f®und emission to air as

the most important route of release whistdue to similar assumptis used in both flow

analyses.
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Figure 2-14 Comparison of estimated per capita decaBDE emissions to air, soil and water for the
UK and Colombia to other studies. Data are preseinta logarithmic scale.

The lack of data for the UK is a source of uncertainty in the emission analysis. Estimated
emissions could have been undstimated particularly from the waste management stage
since emissions from incineration and recycling esagere not included in the analysis. In
addition, the static approach undertaken for decaBDE releases from products instead of
accounting for changes over their lifetime can also uedémate emissions since the
stability of decaBDE attached to a protlaould be affected with product aging resulting in
greater flame retardant releg&arnshaw et al., 20).3This study highlights the importance

of generating consumption and emission data at the country scaleulpdstior the UK

which is likely to differ from an average European country.

2.5.1.2 Fugacity modelling

The partitioning of decaBDE was studied using fugacity modelling by supplying recently
generated physicochemical information for decaBP&m et al. (2002provided a general
picture of the likely fate of PBDEs in the environment. However, when this study was
conducted there was little information about the chemical properties of PBDEs and some of
these properties were estimated using the with the EPIWIN ochéthS8 EPA, 200D
Fugacity level | showed similar distribution of contaminants in enui@mial media; most

of the flame retardant was predicted to partition to soil (> 96%).
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Results from level Il evidenced the high potential for debromination andréomgg
atmospheric transport since the most important processes predicted in this level were
degradation in soil and advection to air. Debromination of decaBDE into lower congeners
has been demonstrated in different monitoring stu(i#SEP, 2010n and is the main
reason for the proposal submitted by Norway to include this congener in the Stockholm
Convention list of POPYUNEP, 2013 However, debromination has only occurred in
small amounts in different studiéSong et al., 20Q4/oorspoels et al., 200Zegers et al.,

2003 including this one; monitoring data from sediments collected at different locations of
the Calder catchment showed that the vast majority of the congeners was decaBDE (>90%)
followed by congeners found in commercial mixtures used in the past @ahtactaBDE
formulations) ¢7%) while congeners from debromination represented less than 3% of the
PBDEs found in the samples. In addition, the loaigge transport potential found from the
fugacity model agrees with studies that have found decaBDE idiae regiongDesonie,

2008 Gouin and Harner, 2003

The partitioning of decaBDE in the UK was studieing fugacity level 11l by supplying to

the model estimated emissions to environmental media for this country. Fugacity results
showed an increase in partition to sediment (13%) and a decrease in partitioning to air
(0.07%) compared to the lower fugadigéyels due to the high estimated emissions to water.
Estimated concentrations from this level were compared to monitoring data reported for the
UK (Table 2 17). Simulated concentrations for water and sediment were within the lower
end of the range of obsed data. Monitoring data for water and sediment have been
normally collected near possible sources of release where concentrations are expected to t
high. These concentrations are thus not representative of an average regional scenario. Fi
air, the modepredicted concentrations of the same order of magnitude as the maximum
observed data from a semiral area in norttwest EnglandWilford et al., 2008 with only

a slightly overestimation by a factor of 1.3. The simulated concentration in soil could not
be evaluated since no monitoring data were available. These results suggest that th
calculated emissions were adequate to estimate environmental padiiiotine UK.
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Table 2-17 Comparison between predicted and observed environmental concentrations for the UK

Air Water Sediment
(pg/m?) (ng/l) (mo/kg dwt)
Simulated 128 0.007 10.5
. . b 51 3,19T
Observed  <0.497 100° <0.067 0.015° . <2.621*

2Wilford et al. (2008; "ECB (2002; “(ECB, 2002 Allchin et al., 1999Law et al., 1998 Measure
in the present study for the River Calder

2.5.1.3 Monitoring decaBDE in sediments

Concentrations for decaBDE from monitoring of the River Caldeii (2621ug/kg) were

within the range reported for sediments in the UK G191ug/kg) (ECB, 2002 Allchin et

al.,, 1999 Law et al., 1995 However, there is some unaerity over some of measured
decaBDE concentrations in the present study due to issues with the analysis; larger than
expected concentrations in the samples mean that the maximum concentration in the range
could be undeestimated. Maximum concentration BDE-47 in sediments in the UK

taken near potential PBDE sources were within the same order of magnitudeg(BRg8

dwt by Alichin et al. (1999) than in the pesent study (85.18ig/kg); however, this

concentration was also undestimated but to a lesser level than decaBDE concentrations.

A large variety of PBDEs were found in sediments of the Calder catchment with different
levels of bromination. DecaBDE regented the vast majority of the PBDEs found in the
catchment (< 90%), followed by BDE9 (3.54%) and BDE4 (2.07%)Table2-12). Other
studies have also found these three congeners to be the most abundant entse@im.
(Zegers et al., 200For Western Europe anith the Belgium North Sea an@ong et al.,

20049 for the Great Lakes)ong et al. (2004found that decaBDE represented between 83
and 94% of the 10 congeners analysed in sediment samples (congeners includia§, BDE
BDE-47, BDE66, BDE85, BDE99, BDE100, BDE153, BDE154, BDE183 and BDE

209). The second most important congeners were-BDEBnd BDE99; however, the first

was more abundant. Congeners BDED, BDE153, BDE154 and BDEL83 were also
found in all the sampleSong et al., 2004 The presence of congeners that were normally
found in pentaand octaBDE formulations suggests that they are due to historical releases
of these formulations in the Calder. Other congeners that were not used in any PBDE

formulation were also detected in smaller amounts (<3%) which are an indication of
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debromination of highly brominated congeners. However, the vast majority of PBDES
found in the samples corresponded to decaBDE which demonstrates that this flame
retardant is intensively used in the catchment and emissions are very likely to come mainly

from industry in the area rather than from residential usage.

2.5.1.4 Simulation of decaBDE in the Calder catchment using GREAR

Results from estimated emissions to surface water and waste water as well as the extensi\
partitioning to sediment demonstrate the haghission potential of decaBDE from this
route. However, most of the modelling studies into PBDEs have focused on the simulation
of air emissions; to the best of our knowledge no fate modelling has been applied to study
the dynamics of decaBDE at the catwnt level. For this reason, fate modelling and
monitoring of sediments were carried out in an industrialised area where levels of PBDEs
were expected to be high. GREAR results (280 3,800ny/kg) agreed with previously
reported monitoring data (5 3,190 ng/kg) for sediments from different rivers in the UK
(ECB, 2002 Allchin et al., 1999Law et al., 1995

Monitoring studies in the UK have reported only a small number of detectable
concentrations of decaBDE in water (detection limif005 pg/l) as expected from its
physicochemical properties (solubility vater < 0.001 g/fia Cetin and Odabasi (20)5
detectable concentrations in water as dissolved ranged beiv@Brand0.015ug/| and for
suspended solids orsample reported a concentration of u@kg. However, the model
predicts larger concentrations than the detection limit in these earlier studi@si(0.082

ug/l). The present results show the importance of generating monitoring data for this
catchmento support model evaluation.

Sediment concentration data from the Calder were used in model evaluation. Unfortunately,
monitoring concentrations had some uncertainty due to suspectedeastidextion of the
concentrations in samples where decaBDE canagons were very large. This issue did

not allow the proper evaluation of modelling results; however, indicative concentrations
suggested a fairly good modelling performance. The model showed a good agreement in th
pattern of the concentrations down ttegchment. However, upstream concentrations were
overestimated by more than one order of magnitude. This suggests that: i) the emissions
per capita to water could have been esstimated, ii) the sewer system is actually

removing more decaBDE than themoval value used in the model, iii) emissions from
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industry could have been less than the average values reported by thé2BSHif or iv)
degradation rates were undestimated. Concentrations downstream appeared to be-under
estimated since indicative measured concentrations are expected to be higher particularly at
Stanley were they are expectedramge between 25,000 to 100,000/kg dwt. Under
estimation of concentrations downstream could be due to higher emission of decaBDE from
industriesusing the flame retardarbhan expected or due to the presence of additional
industries that were not takémo account in the model. Annual emissions of decaBDE to
wastewater from two textile processing sites in the UK between 2002 and 2007 were
reported to range between 86 and 2,440 kg/year accordiBG®Bo(2007; however, this

report mentions that it was not clear if these figures represent the total mass of bromine or
the mass of decaBDE itself; sexdecaBDE has a bromine content of around 83% emissions
could be large(Brooke et al., 2009

2.5.2 Decabromodiphenyl ether in Colombia
2.5.2.1 Inventory

A prdiminary inventory about decaBDE in EEE/WEEE and carpets was carried out using
available historical consumption data of individual articles. Carpets were the only textiles
considered in the inventory due to the lack of information for other products. The
consumption of decaBDE in carpets is an important contributor to estimated decaBDE in
Colombia with comparable figures to the ones obtained for EEE. Estimated consumption in
carpets was based on the reported range of application forcbatikg in textileq7.57

20%) (ECHA, 2012ab). This range is very wide and the real value wilbeled on the type

of textile and national legislation. There is no national legislation that regulates the amount
of decaBDE in products in Colombia, so the actual amount of decaBDE applied in the
country is very uncertain. However, fire safety regulationSolombia do not require high
levels of flame retardants and the applied dose is also not specified. Therefore, it is expected
that the application would be less than the maximum of the range (<20%), but finished
articles that are exported to other coig® would have to comply with regulations of the

destination country.

Inventory for EEE/WEEE is expected to be less uncertain than for textiles since a wide
range of products were covered with a decent amount of information about consumption in

Colombia. Articles from EEE category 1 such as refrigerators, CRT TVs and washing
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machines had most of the total decaBDE in EEE/WEEE. Other studies have found that CRT
TVs are an important source of decaBDE and #BPEs (Sindiku et al., 2014UNEP,

2012 20103. An inventory of PBDEs in Nigeria estimated 1,880 tonrad®(t 10.8 g per
capita) of decaBDE in the current stock of CRT casings. This figure is far higher than the
estimate for Colombia (about 0.38 g per capita). In Colombia, sales of LCD TVs have seen
a large increase since 2005; they accounted for 30% diMhaarket in 200§DIAN, 2009

and nowadays, CRT TVs have almost disappeared from thenf@udstamante, 2032

Most of the decaBDE in the inventory was estimated to be in EEE in use or-stdék)(

which would be disposed after their service life. DecaBDE in WEEE has also significant
guantities £21%). The adequate disposal ofvasteis a major problem in developing
countries and is a major source of pollut{@ndiku et al., 2014Blaser 2009. Emissions

from these countries are expected to be higher than in industrialised countries since
appropriate management of WEEE containing BFRs is lacking and there are not enougt
facilities for treating current and future amounts -ofaste(Babayemi et al., 2014indiku

et al., 2014 Weber et al 2013. In Colombia, there are some initial efforts to improve e
waste management; the governmental environment department has set guidelines for th
appropriate disposal and recycling of WEBBAVDT, 2010) but more effort should be
made to ensure national implementation in the shart.t8tudies in developing countries
(Sindiku et al., 2014Baron et al., 20L3,3Blaser, 20090tt, 2008, including this one, have
highlighted the urgent need to develop adequate WEEE management for the expected larg
amount of material containing flame retands that is expected to flow in the waste system

at the end of service life of products (approximately during the next 20 years).

2.5.2.2 Emissions

Emissions of decaBDE from two relevant products containing decaBDE were estimated
(EEE/WEEE and carpets); howevérere is a wide range of other products containing this
flame retardant that were not included in the analysis. Estimated emissions only represent
fraction of the total decaBDE emissions in Colombia. For example, in the USA the total
decaBDE consumptiowas estimated to be divided by weight into 26% for textiles, 26%
for automotive or transportation, 26% for construction material, 13% for EEE and 9% for
other useqLevchik, 2010. Considering individual product types for the calculation of
emissions requires considerable amounts of data for a wide variety of products. Studies o

emissions from other cmtries normally used the total sale of flame retardants as the
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starting point to avoid uncertainty of using individual product tyjgesnshaw et al., 20),3
but this information was not available for Colombia. Howegeeission figures from these
two important products would be a starting point to understand the fate of decaBDE in the

country.

Figure 2-14 compares decaBDE emission results estimated for Colombia with per capita
results from other countries. Emissions to air were comparable to results for the UK and
emission to water and soil showed similar figures as those for average European countries
(Earnshaw et al., 201ECB, 2003; however, values for Colombia are likely to be urder

estimated.

2.5.2.3 Fugacity model

Fugacity results greatly agreed with monitoring data of sedimentslih, 20 the outlet of

the main River Magdalena (the main of the country). However, tgatgnation was
observed for results from the previous year of between one and two orders of magnitude.
The high temporal variability in measured concentrations betweans could be an
indication of degradation, sediment transport, dilution or spatial variability. High dispersion
of BFRs concentrations was observed particularly in 2010 which can be explained by strong

currents generated by trade wir{8sron et al., 2013

Simulated concentrations in sediment for Colombia were smaller than fugacity estimations
for the UK by one order of magnitude due to smaller releases ta estienated for
Colombia.Segui et al. (20)3compared concentrations from two Ebro tributaries in Spain
to concentrations found in coastal areas in Chile andntlma; this study also found that

sediment concentrations in the Spain were larger than in Latin America.

2.6 Conclusions

Data availability is a crucial factor in model applications. Brominated flame retardants are
relatively new contaminants and their fateheir environment is still uncertain. This study
highlights the need for updated consumption and emission data at the country level as well
as for more consistent methods for producing emission calculations. This is particularly the
case for decaBDE gie it is very likely to be included soon in the POPs list of the

Stockholm conventio(lUNEP, 2013. Per capita basis calculations from EU data can under
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or overestimate activity and emissions depending on the country, particular because waste
management systems in the EU are very different between member states edpecially
landfill. DecaBDE emissions estimated in the UK from available information and
assumptions predicted high emi ssions t o
confirmed with a monitoring study and fate modelling for the Calder catchment. Sediment
concentrations along the river Calder were higher than reported values for different
locations near possible sources of release in the UK. The pattern of monitoring results for
lower brominated congeners showed evidence of historical usage of pedtact8DE
formulations in the Calder catchment as well as debromination of higher brominated
PBDEs.

DecaBDE is strongly sorbed to sediments which reduces its mobility and bioavailability.
Understanding of the dynamics of this flame retardant in the river syst@articularly
important to assess its behaviour in the environment and the implications for aquatic
exposure. Fate modelling to study the dynamics of decaBDE in river systems at the
catchmenscale was applied for the first time using GREEBR. Modelling results
generally showed a good agreement in the simulation with GRERT however,
uncertainty in the measured data did not allow proper model evaluation. GREAT
showed good potenti al to simul at e -seurtess s i ¢

sud as industries, though this could be improved with more accurate emission data.

Information about the consumption of BFRs in Colombia is not available. An inventory
based on individual products was needed to estimate emissions in this country. However
underestimation of the emissions is expected since there is a wide range of products
containing decaBDE that could not be included in the inventory due to the lack of
consumption information. Total consumption data for decaBDE would be more useful in
the céculation of emissions. Emissions estimated for Colombia showed large contribution
from textiles which is expected to be comparable or higher than from EEE. More
information about the amount of decaBDE applied to different textile applications is also
necessary to reduce uncertainty in emission calculations. Fugacity results were in good
agreement with observed concentrations reported for sediments in the outlet of the Rivel
Magdalena in 2011; however, high spatial and temporal variability on PBDE conicerstra

has been reported in this area from studies in 2010 and 2011.
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3 Modelling pesticides in the Wensum catchment using
field-scale models

3.1 Introduction

Surface and groundwater contamination due to farming operations in the UK is a source of
concern for ompliance with the European standards of water quality. Under the European
Water Framework Directive (WFD) 2000/60/E2000, extra treatment of drinking water

at treatment plants should be avoided and more attention should be taken to reduce pollutio
from the source by managing catchments sustainably. The Directive aims to protect anc
improve the quality of water bodies. The WFD came into force on Decem¥&2aD and

then transposed to the English legislation, which applies in England and Wales, in
December 2008DEFRA, 2003. In 2012, the Environment Agency in the UK reported that
abou 15% of the Drinking Water Protected Areas (DrWPAs) in England and Wales
designated for abstraction of water for human consumption under Article 7 of the WFD
were at risk of not compliance with European standgi@ssticide Forum, 20)2
particularly in eastern and southern England. Pesticides currently in use that are mos!
frequently detected at high concenwas in surface water include metaldehyde, MCPA,
chlorotoluron, mecoprop, carbetamide, -B4 asulam, propyzamide and clopyralid
(DEFRA, 2012 Pesticide Forum, 20)2and in groundwater bentazone and mecoprop
(DEFRA, 2012. These pesticides have been found in catchments in England and Wales at
concentrations exceeding the @/ maximum acceptable concentration in drinking water
set by theEuropean @mmission (1998(EU Drinking Water Directive: 98/83/EC).

Priority catchments in England and Wales have been targeted under the Catchmen
Sensitive Farming programme (CSF), to reduce diffuse water pollution from farming
activities. As part of this programe, pesticide monitoring has been conducted on a regular
basis since 2006 in six catchments in England, comprising the Wensum, Yare, Waveney.
Teme, Lugg and Ouse, to evaluate the effectiveness of the management actions. Monitorin
frequency varies withirhe year; in some periods samples are taken every two or three days
and in others every wedkKSF, 2012 Despite the high sampling frequency, it is likely that
some important pesticide peaks are missed when occurring on days when no samples ai

taken. One wayot address this issue is to carry out pesticide fate modelling to understand
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the dynamics of pesticides in the catchments as well as to evaluate their trends between

years during the programme.

Modelling studies into nepoint source pollution of pesticidégmve been focused mainly

on the edg®f-field rather than the catchmestale. Modelling the fate of pesticides at the
catchmensscale is an important tool for pesticide management in order to have a holistic
picture of what occurs with pesticides at tsisale and so it can be used to evaluate
pesticide usage and management practices. Monitoring studies of diffuse water pollution by
pesticides at different hydrological scales have shown that pesticide emissions normally
occur as pulses of fluctuating camtrations with similarities in their patte(Brock et al.,

2010. For example, a comparison of isoproturon peak concentrations measured-ait edge
field and in small streams showed similarities in the timing and duratipaaks(Ashauer

and Brown, 200) These patterns are largely dependent on rainfall behaviour and the effect
of the river network is suspected to not have a significant impact on pesticide patterns in

surface waters.

Catchmentscale models such us 3W (Arnold et al., 1998 and AnNnAGNPS(USDA

ARS, 2006 have shown good results in modelling pesticide runoff at the catctstaiet

but the description of tile drainage is oversimplified. A few studies have applieediale
models in catchment modelling by considering that the fate of pesticides in the catchment
would be the result of the sum of multiple fieddale processes that pesticides undergo, in
addition to the dynamics due to water balances, rainfall antvérenetwork(Tediosi et al.,

2013 Tediosi et al., 201A.indahl et al., 2005Loague, 1992Loague et al., 19894 0ague

et al., 1989h Several fieldscale models are available which differ in the physical approach
used to describe hydrological processes. The selection of a modelling tool to simulate
emissions from nopoint source pollution requires an understanding of the major routes of
pesticide loss in the study area. Many factors may influence pesticide loss which would

mainly depend on topography, weather and practice conditions in the area.

Pesticide loss through subsurface drainage (when tile drains are present) and surface runoff
constitute the most important routes for pesticide emission in the(REFRA, 2012
Pesticide Forum, @2 Ashauer and Brown, 200 Evans et al., 1999%arris and Catt,

1999 Johnson et al., 1996Most heavy clay soils with artificially drained arable lands
frequently experience pesticide transport via preferential flow causing surface water

contamination(Kohne et al., 2009Jarvis, 2007 Gardenas et al., 2006arsbo and Jarvis,
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2005 Harris and Catt, 1999 arsson and Jarvis, 199%9ohnson et al., 199®rown et al.,

1995h Haria et al.,, 1994 Simunek et al. (20Q3reviewed different approaches for
modelling preferential flow which included singland dualporosity models (with singte
ordualper meability). Both methods wuse Riche
complity and amount input data required of. Singtaosity models are the simpler of the

t wo approaches where the entire flow do
equation and transports the solute according to the adviedispersion equation. Dual
porosity models divide the soil into micropores and macropores witkofilst advection

and diffusion between the two domains. SiAgggmeability refers to when the mobile
water is carried in the macropores while the micropores only exchange andmainin

a duatpermeability model both micropores and macropores conduct water. Models using
dualporosity/dual permeability approaches have been shown to better describe subsurfac
water and solute drainag&erke et al., 20Q9Haws et al., 20056 MACRO (Jarvis et al.,

199]) is the most welknown and widely usedluatporosity/dualpermeability model in

Europe.

In the simulation ofunoff, models using the Gregkmpt equationGreen and Ampt, 19)1

or the Soil Conservative Service (SCS) runoff curve numbers are the most commonly
implementedNRCS, 2008Soil Conservation Service, 1972he GreePAmpt method i
mechanistic model based on infiltration principles which requires more input data than the
curve number approach. The equation calculates the infiltration rate based on the ponding
time as a function of rainfall, the pressimead, so#water content andhe saturated
hydraulic conductivity. The RZWQM modgMa et al., 200% is an example of a
mechanistic model which describes solil infiltration using the GAgapt method.

In contrast, the curve number method is an empirical runoff estimator developed in the USA
in the 1950s. Several models use the SCS curve number approach such as CREAM:
(Knisel, 1980, PRZM (Carsel et al., 1985and SWAT(Tuppad et al., 2091 This method

has been widely applied because of its simplicity and the requirement of a relatively small
amount of data; in some cases the approach has shown better results than more compile
mecharstic models such as the Gregmpt method(Wilcox et al., 1990 Runoff volume

is calculated basednothe amount of rainfall, soil type, land cover and antecedent soill
moisture condition prior to a rainfall evefRonce and Hawkins, 19p6Models based on

the curve number method agenerally applied for fields with scarce data or for larger
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catchmentgVan den Putte et al., 2003 hysicallybased models, such as those using the
GreenrAmpt method, are preferred for detailed studies accounting for rainfall variation at a
subhourly time scale which is particularly useful for the simulation of runoff generated
during short rainfall events of hightensity(Van den Putte et al., 20)L3

The fate of pesticides is a complex syst&hich is still not completely understood@/hen a
pesticide is applied to soil, it undergoes various comptekiateracting physical, chemical

and biological processehat are difficult to predictFor instancemost of the models
usually assume constant degradation and sorption values across large ar¢he seucses

of spatial variabilityof these parameteiin soil still cannot be either mathematically or
empirically described at the field or catchment scaeral available models can describe
pesticide loss from tile drains or surface runoff but none is able to satisfactorily simulate
water flow rates @d their associated pesticide losses by both routes. Setting a model
framework (i.e. coupling models) is an important alternative to overcome model limitations.
The FOCUS (200) framework selected four models for EU review of active substances
including MACRO(Jarvis et al., 199land PRZM(Carsel et al., 1985These models have
been widely tested and evaluated in the past with good results in the simulation of the
hydrology and pesticide losses at different hydrological s¢Bleslke et al., 2004Beulke

et al., 2002aDubus and Brown, 200Beulke et al., 200t&8eulke et al., 200Zhlarvis et

al., 2000 Vanclooger et al., 2000Besien et al., 1997Brown et al., 1996Jarvis et al.,

1994 Mueller, 1994 Nicholls, 1994 Parrish et al., 1992)arvis et al., 1991Carsel et al.,

1986 Carsel et al., 1995 However, at the moment there is no established or evaluated
model framework, comhing these models to simulate different sources of pesticide loss at
the catchment level. The establishment of accurate modelling strategies would provide
valuable tools for catchment management programmes currently being undertaken in the
EU as part of ta WFD(Holvoet et al., 2007b

3.1.1 Aim and objectives

The aim of this chapter is to investigate the driving processes of pesticide trasport
surface water fromagricultural fields in th&Vensum catchment by application of fieddale

fate models. The specific objectives to meet this aim are to:

1. Develop a modelling framework based on detailed fseidle modelling to study the
different routes of pesticide entny the catchment
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2. Evaluate the simulation capacity and applicability of the framework to simulate
water flow and transport of pesticides against measured data

3. Use the framework to determine the drivers controlling catchseale losses of
pesticide in the Wnsum

4. Evaluate whether the modelling framework can be used to fill the gaps between

measured monitoring data

3.2 Study area and background information

3.2.1 Study area

The Wensum catchment is located in the eastern region of the UK, to the north west of
Norwich andcovers an area of approximately 650 *k(figure 3-1). The landscape is
principally influenced by agricultureith intensive arable farmingith 62% arable landn

the plateau and valley sides, whilst the floodpliginargely managed grazing marsh, fen
reedbed, scrub and scattered woodlgehar et al., 2008Coombes et al., 1999The River
Wensum flows approximately 78 km through the county of Norfolk at an average gradient
of 0.00082 m/m, from its source on Colkirk Heath to its influence with the River Yare in
Norwich. The principal thutaries are the River Tat, Langor Drain, Guist Drain, Wendling
Beck (Whitewater/Blackwater), Penny Spot Beck, Blackwater, Swannington Beck and the
River Tud. The catchment is underlain by a major Chalk aquifer. River flow results from
the drain network, @undwater baseflow, direct recharge to the river and surface runoff
(Sear et al., 2006The entire hydrological response unit of the Wensum was simulated until
the monitoring point located in Sweet Briar Road Bridge (TG 206 095).

101



3. Modelling pesticides in the Wensum catchment using-SBelmlemodels

River Tat Langor drain

River Wensum

Guist drain

Blackwater

WendlingBeck
Swannjrigton Beck

River Wensum
Penny Spot Beck

River Tud

Sweet Briar Road Bridge

0 325 65 13 195
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Figure 3-1 Rivers and streams in the Wensum catchment

3.2.2 MACRO model

The flow pathways of water through soil profiles can be highly irregular under certain
conditions. In macroporous soils, usually well structudedmy to clayey soils, water
percolation may rapidly move along regions of enhanced flux such as fissures, cracks,
wormholes or root holegBouma, 1991 Beven and Germann, 1982Such preferential
movement of water and solutes is common in field soils and constitutes an important route
of pesticide entry into surface water especially when field drains are p(&$aditvko et

al., 200). There are several mechanistic models available that describe pesticide transport
via preferential flow through drains such as DRAIGE (Kumar and Kanwar, 1997
RZWQM (Ma et al., 2004 MACRO (Jarvis et al., 1991 HYDRUS-2D (Gardenas et al.,

2006 and SPIDERRenaud et al., 2008The MACRO model is the most widely usand
evaluated of these models under European condifiearsbo and Jarvis, 200Beulke et

al., 2001aVanclooster et al., 200¥illholth et al., 2000. This model has been recognized

by the FOCUS working group on leachifigOCUS, 200D for pesticide registration to
assess the potential to pollute both gebwater and surface water via drain flow. Version

5.2 of the model was used in the present study to simulate pesticide loss through drains.

The MACRO model is a oreimensional physically based model of water flow and solute

transport that divides the sqbrosity into two flow domains, micropores and macropores.
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A full description of the governing equations and the model parameters has been given
elsewhergJarviset al., 1997 Jarvis et al., 1991 The model undertakes a complete water
balance including canopy interception, unsaturated and saturated water flow and root wate
uptake. Water and solute transporin -t he mi cr opores are pr e
equation and the convectialispersion equation, respectively, whilst for the macropores
gravity flow of water is assumed wusing
separately with an interactionlofv region calculated according to physicdigsed
expressions characterised by soil water content, hydraulic conductivity and soil tension. As
water saturation is approached, the hydraulic conductivity of the macropores rapidly
increases. Pesticide sdamt is described by a Freundlich isotherm and degradation is
simulated assuming firsirder kinetics. Surface runoff in the model only occurs when the
surface layer is saturated, so MACRO cannot be used to simulate pesticide loss by this

route. Pesticidealatilization is also not considered in the model.

3.2.3 RZWQM model

The RZWQM model is a ordimensional (vertical) physicaHgased model that integrates
physical, biological and chemical processes to simulate water flow and solute transport in
macroporous st (Ahuja et al., 200D A detailed model description is given in the
RZWQM documentatior{Ma et al., 2004Hanson et al., 1998Ahuja et al., 1998 The

model also allowsimulation of awide spectrum of management practices and scenarios.
Water infiltration is described by the GreAmpt equation until saturatiomyater excess in

the soil matrix is routed into macropores if preséndi seui | | eds | aw an
Ampt equation simlate themaximum macropore flow rate and the lateral movement,
respectively(Ahuja et al., 1998 When rainfall or irrigation exceeds the infiltration rate,
water excess surface runoff I s generated.
used after infiltration for the redistribution of water within the soil profile. If
evapotranspirations not supplied, the model uses a modification of the delalyter
PenmarMonteith model for its calculation. Pesticide sorption is not simulated in the
macropores, only in the soil matrix, by either a linear or Freundlich isotfidatone et al.,

2004). There is also the option of simulating pesticide sorption by astigopartitioning,
where a defined fraction of the sorption sites in instantaneous equilitrsimulated using

equilibriumkinetic sorption and the other fraction is described by-@irder reversible
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adsorption kineticéMa et al., 2004Wauchope et al., 2002Lumped frst-order kinetics is

used to simulate pesticide degradation whichdisisted for soil water content, temperature,
and depth. Additional dissipation and degradation pathways suchkolaslization,
hydrolysis, photolysis, and oxidation, anaerobic and aerobic biodegradation can be

modelled if input data are supplied.

Previous studies have shown fairly accurate predictions of pesticide loss by surface runoff
when using sitespecific nput parameterChinkuyu et al., 20056 or after minimal
calibration(Malone et al., 2004 RZWQM version 2.0 is used in this study in an attempt to

simulate pesticide Iesthrough surface runoff in the catchment.

3.2.4 PRZM model

The pesticide root zone model (PRZM), including PRZNthe most recent version of the

model) is a on@imensional model to simulate chemical movement in soil by
chromatographic leachin@arsel et al., 1985Preferential flow and s#icide loss through

tile drainage are not considered by the model. Full descriptions of the model components

are provided elsewhefSuarez, 2006Carsel et al., 198%nd only a summary is presented

bel ow. Soil hydrol ogyudc ketdesapphbeacty watiden pwi l
the next soil layer when field capacity is exceeded. Generalisgubsaiheters such as field

capacity, wilting point and saturated water content are used to calculate water movement in

the soil profile. Runoff and erosion are based orSihié Conservation Service (197@urve

number technique and the universal soil loss equation, respectively. The curve number

method is an empirical estimator of runoff that relates the amount of runoff to rainfall

volume, the potential maximumog | moi sture retention after r
abstractiono of rainfal/l by I nterception, i nf
Evapotranspiration is either estimated from pan evaporation data or from an empirical

formula. Chemical transports simulated using the convectidispersion equation.

Pesticide sorption is described by the Freundlich equation aneoriist kinetics is

implemented for degradation with option of-ghasic degradation accounting for soil

moisture and soil temperawrThe model allows biodegradation in the root zone. Pesticide

volatilization is considered by the model.
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PRZM was developed and is currently used by the US Environment Protection Agency
(EPA) for assessing pesticide transport to surface water from agrauields (US EPA,

2013 Carsel et al., 1995 Despite the simplicity of the curve number approach, studies
have shown that ruffopredictions can be equal to or better than those obtained by more
complex mechanistic runoff models such as those based on -Gingan infiltration
(Wilcox et al., 199D In Europe, PRZM model was integrated into the group of FOCUS
surface water models for pesticide registraflt@CUS, 200D PRZM-3 version 3.12.2 was

also tested in this study to simulate pesticide runoff in the catchment.

3.3 Methodology

3.3.1 Data acquisition

Information for use in deriving modelling parameters including meteorology, soils, crops

and pesticides data for the Wensum catchment was compiled from different data sources.

1 Meteorological data were obtained from the British Atmospheric Data C&#aRC
(UK Meteorological Office, 201Rand in communication with the UK Meteorological
Office. Relevant data included global radiation, daily and hourly rainfall, daily
maximum and minimum temperature, vapour pressutenamd speed.

1 Solil information was taken from the Soil Survey of England and Wales Bulletin for
Eastern EnglandHodge et al., 1984and from the SEISMIC informatio system
(Hallett et al., 199b

1 Pesticide usage information including crop information and pestaggdéication data
were gathered from the Food and Environment Research AgBESRRA, 2009. This
information has been reported every two years for arable crops or every four years for
grassland and fodder crops in the UK.

1 Information about water flow and pesticide monitoring in the catchmeassswpplied
by the Environment Agend§Environment Agency Evidence Directorate and Catchment
Sensitive Farming, 20)2

1 GIS vector data for the Wensum catchment were taken from the earlier analysis carried
out byFarrow (2013.
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3.3.2 Pesticide modelling in the Wensum catchment

The proposed modelling methodology comprised several steps. First, MACRO was used to
simulated water flow and pesticide loss through deep percolation and tile drainage. A
groundwater mixing model was developedsimulate the baseflow behaviour of the river

and to allow deep aquifers, leaching water and pesticide to mix before being routed to the
river. Runoff coming from urban areas was also estimated and added to the simulation.
Then, RZWQM and PRZM were uséal simulate surface run off from arable land and to
evaluate which of the two models achieved better simulations. Since all models were set up
to simulate 1 ha of land (fielsicale), the modelling results were then scalpdo the whole

catchment. The caeptual model ifrigure3-2 summarises this strategy.

Urban areas
4% of the catchment
2% rainfall will be runoff

AT

Catchment Deep percolation

MACRO
Tile drainage

MACRO @ &

Figure 3-2 Conceptual model

3.3.3 Groundwater mixing model

The groundwater mixing model is important to simulatatex flow in the catchment
especially for the simulation of periods dominated by baseflow (periods of low flow). The
groundwater mixing model performs a mass balance of water flow and pesticide amounts.
Figure 3-3 andEquaton 3-1 showa diagram of the processes ahd governing equations
involved in the mode| respectivelylnput data are the infloWi) of percolatingvolume of

water(V;,) in m*® day* and pesticidéeachng that reachethe groundwatefanddid notexit
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via tile drains whentiles arepresentm;) in mg day", predictedby MACRO at a daily
time-step 6 pQ)wThe aquifer is represented as a mixing t@hkwith the same base
area as the catchmerithe tank depth was nominally set at 3 m. The daily volume of water
(VT., pesticide masshr) and concentrationdt,) in the aquifer are also caletédon a
daily basis(in m® day*, mg day* and mgm>day’, respectively) The outpus (0) from the
modelarethe volume ofwater (Vo ), pesticidemass(m, ;) and concentratiofC, ) outflow

(in m® day', mg day* and mg ni’day*, respectively moving from the groundwater (or
tank) to the river at the rate of the outflow fact@F. This outflow factorandthe initial

tank volume(Vr1) can be set by calibration to match measured flow during periods
dominated by baseflows well as the flovat the begining of the simulation, respectively

In the model, pesticide degradation and sorption are assumed to be negligible in the

saturated groundwater zone.

time =t
Inflow (from MACRO):
Water percolation V;
Pesticide leaching

H mi ¢

Vot
I My ¢
Outflow:

Water/Pesticide
flow to the River

Groundwater mixing
tank with the
catchment base area

Figure 3-3 Groundwater mixing conceptual model

Equation 3-1 D¢ QUL W Na 5 QI €040 6 YU
Nt G Wi OOBPOR G rMHr & gjorh Q® p
WR W Wh wp Nd @ j a arMp & pjogh Q& p

0060 Q&EE LW Wi Wp 0Qd 5 0 wp
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3.3.4 Soil associations

A soil association is comprised of multiple soil series which argdypound occurring
together in the landscape which generally take place in areas with similar environmental
conditions (Clayden and Hollis, 1984Avery, 198Q 1973. Information about the soll
associations in the catchment was required to run the motletpatial analysis using
ArcGIS version 10.0 was carried out to identify and classify the soils in the catchment. For
this purpose, information about soils in the Wengtiodge et al., 1984along with spatial

data including catchment boundaries and soil maps for thgHa#lett et al., 199bwas

used. The soil associations and their areas are showabie 3-1 and their distribution

along the catchment iRigure 3-4. Low permeablesoils with tile drainage systems located

on the river valley constitute the main soils in the catchment (Beccles and Burlingham). In
the source, the soils are a combination of well drained mainly loamy soils (Barrow) with
patches of sandy soils (Newporihe opposite occurs at the base of the catchment where
the Newport association predominates. The floodplains are dominated by peaty soils
(Adventurers) and loamy and sandy soils with naturally high groundwater and peaty surface
(Isleham). In order to sintify the simulation, the soils that only account for a small area of
the catchment were combined into other soil associations with similar drainage properties;
Adventures and Gresham were combined into Isleham simulation, and Wick soils into
Newport. Thertore five soils were included in the simulation: Isleham, Newport, Barrow,

Beccles and Burlingham.

Table 3-1 Soil association areas at the Wensum catchment

Soil Area Area
association (km?) (%)
Gresham 0.9 0.1
Adventurers 8.5 1.3
Wick 12.3 1.9
Isleham 56.7 8.8
Newport 95.7 14.9
Barrow 100.9 15.7
Beccles 137.4 21.4
Burlingham 230.0 35.8
Total 642.5 100.0
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Soil association
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[ ] Barrow
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Figure 3-4 Spatial distribution of soil assotiens in the Wensum catchment

3.3.5 Meteorological data

Combined daily and hourly meteorological data including rainfall, wind speed, vapour
pressure, maximum and minimum temperature and solar radiation from 2006 to 2011 were
used in the simulation. As thers ho single meteorological station near the catchment
recording all the required parameters, it was necessary to use information from more thar
one station from the Eastern region of the UK. The selected stations were the ones closest t
the catchment withourly or daily information available (s@@able3-2 andFigure3-5).

Additional data processing included: (i) linear interpolation for the days without recorded
informaton by using the data from the previous and the following day; (i) mean calculation
for days with more than one measurement recorded; (iii) sum or average calculation for
available hourly data in order to calculate corresponding daily value; (iv) thae we
missing hourly rainfall data for 2006 and 2007 for Norwich Airport station so monthly and
yearly rainfall values for this station along with Mannington Hall daily rainfall information
were used to estimate daily rainfall for these years; then a ra2enoh per hour from

midday was applied to generate hourly rainfall.
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Table 3-2 Meteorological stations and parameters used in the model

Meteorological station Frequency recorded Parameter

Norwich Airport Hourly Rainfall (2008 2011)
Mannington Hall Daily Rainfall*
Wattisham Hourly Solar radiation
Hourly Rainfall
Daily Maximum and minimum
temperature
Marham Hourly Wind speed
Hourly Vapour pressure

*Used to calculate missing datarin Norwich airport

r

nington Hall

Figure 3-5 Location of meteorological stations

3.3.6 Modelling pesticide loss via tile drains and percolation using MACRO

The MACRO model was used to estimate pesticide concentrations faglthscale in the
Wensum catchment between 2006 and 2011. The fate of six pesticides including
chlorotoluron, carbetamide, clopyralid, MCPA, mecoprop and propyzamide was simulated
for the catchment. These pesticides were chosen because they are afidinveitinnh the
compounds causing 15% of Surface water Drinking Water Protected Areas (DrWPASs) to be
at risk of norcompliance with Article 7 of the European Water Frame Dired¢fasticide
Forum, 2012
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The model was first set up for a standard soil used in previous studies (Brockhurst series
Brown et al. (200Y). Meteorological parameters from stations near the catchment were used
along with daily rainfall from Mannington Hall to verify the proper performance of the
model. Then, individual model runs were generated &mhesoil association as described

below.
3.3.6.1 Soil parameters

Soil profiles for each simulation were divided into 60 layers. The only soils requiring tile
drainage systems were Beccles, Burlingham and Islefidmaige et al., 1984 Initial
moisture content in the different horizons at the start of the simulations was set to field
capacity. The tile drainage designs are summarize@lable 3-3. A constant hydraulic
gradient was used as the bottom boundary condition in the model. Hydraulic gradient values
controlling the flow from the bottom boundary (GRAD) were adjusted for some of the soils
such as for Barrow where a high GRAD valas used to account for high permeability in
coarsetextured soils; initial GRAD values were taken from previous stu@eswn et al.,

2009 and were then modife d b y-ande riirtaricalcal i brati on t o
S0 as to avoid ponding at the base of the soil layer. Final GRAD values are shbathein

3-3. Table3-4 and

Table 3-5 provide the soil properties and the physical soil hydraulic parameters used in the
model. Input values were established from a combination of guidance on how to
parameterise MACR@Beulke et al., 20020-OCUS, 200Das follows: the boundary water
tensian for each horizon between micropores and macropores (CTEN) was established by
expert judgement and then, their respective water content values (XMPOR) were derived
from the water release curves; the boundary conductivity (KSM) was calculated from
CTEN andXMPOR using the equation proposed by Laliberte et1868 and Jarvis et al.
(1997 and the poresize distribution factor for macropores (ZN) was also estimated by

expert judgement.
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Table 3-3 Tile drainage system design and GRAD values used in the model

Soill DRAINDEP SPACE GRAD
(m) (m) (unitless)
Isleham NA NA 0.0005
Newport NA NA 0.002
Barrow NA NA 0.1
Beccles 0.55 20 0.002
Burlingham 0.80 20 0.0005

NA: Not applicable; DRAINDEP: Drain depth (primary drainage system); SPACE: Drain spacing
(m). Source(Hodge et al., 1984

Table 3-4 Soil properties used in the model

Bulk Organic

So_il _ Depth Clay Silt Sand pH density  carbon
association (cm) % % % (glcrmd) %
Beccles

A 25 25 29 46 7.4 1.35 1.7
E 45 22 32 46 7.5 1.55 0.4
B 70 44 32 24 8 1.47 0.5

BC 150 42 37 18 8 1.56 0.2

Burlingham
A 25 22 34 44 7.5 1.4 1.4
E 45 22 32 46 8 1.52 0.5
B 60 33 33 34 8.3 1.54 0.4
Bo 80 30 33 37 8.3 1.55 0.4

BC 150 28 34 38 8.4 1.65 0.2

Newport
A 25 8 19 73 7 15 1.1
B 55 5 8 87 7.1 1.43 0.5
BC 100 4 9 87 7.6 1.38 0.4
C 150 3 4 93 6.9 1.42 0.3
Barrow
A 30 12 20 68 7 15 0.8
B 55 14 23 63 7.1 1.43 0.4
Bo 95 36 30 34 7.6 1.38 0.3

BC 150 29 45 26 6.9 1.42 0.2

Isleham
A 30 20 13 67 6.4 1.03 6.2
E 50 3 7 90 6 1.45 0.4
B 75 3 6 91 55 1.54 0.3
C 150 1 4 95 4.9 1.47 0.1

(Hallett et al., 199p
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3. Modelling pesticides in the Wensum catchment using-Belle models

Table 3-5 Soil hydraulic properties used in the madel

ol Deph rphpve  XMPOR WILT CTEN  N*  KSATMIN®  KSM  ZN  ASCALE  ALPHA*
association  (cm)
Beccles
A 25 485 410 161 18 1.248 428 0160 4.0 10 0.0590
E 45 41.4 372 151 18 1242 235 0147 4.0 20 0.0601
B 70 44.4 410 227 25 1.207 34 0068 3.0 75 0.0450
BC 150 411 330 215 25 1.200 49 0055 30 50  0.0421
Burlingham
A 30 46.7 425 152 15 1252 402 0285 4.0 5 00576
E 50 425 382 152 15 1.224 268 0256 4.0 50  0.0600
B 75 417 391 192 20 1219 79 0125 3.0 100 0.0510
Bo 100 41.4 385 181 20 1.224 105 0123 3.0 100 0.0530
BC 150 37.7 350 170 20 1222 65 0112 3.0 100  0.0543
Newport
A 25 43.0 381 81 10 1356 102.5 0634 4.0 5  0.0927
B 55 45.9 400 42 10 1.440 2581 0665 4.0 5 01237
BC 100 47.8 411 38 10 1.444 2031 0684 4.0 6  0.1250
C 150 46.3 335 20 10 1574 2926 0799 4.0 6  0.1580

TPORV: Saturated water content (%); XMPOR: Boundary water content (%); WILT: Wilting point (%); CTEN: Boundary soil veader(em); N:-an Genucht
N (unitless); KSATMIN: Saturated hydraulic conductivity (mif):ikSM: Boundary hydraulic conductivity (mm'jy ZN: Tortuosity/Pore size distribution factor for
macropores (unitless); ASCALE: Effective diffusion pathlenght (mm); ALPHA:Gannuc ht en 6 s Hallepetal. (199 c m) . *
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Table 3-5 Soil hydraulic propertieased in the model (cont.)

Sol — Depth  rpopve  XMPOR  WILT CTEN  N*  KSATMIN®  KSM  ZN  ASCALE  ALPHA*
association (cm)
Barrow
A 30 405 341 95 12 1317 64.6 039 40 10 0.0841
B 55 45.9 400 115 12 1279 762 0462 4.0 10 0.0768
Bo 95 49.0 450 223 20 1.205 123 0144 30 25  0.0504
BC 150 41.8 392 191 20 1.213 47 0125 30 25  0.0454
Isleham
A 30 59.6 354 147 12 1294 1494 0314 40 5  0.0819
E 50 45.1 387 28 12 1500 2212 0641 40 5 01386
B 75 418 460 26 12 1516 1928 0762 4.0 6  0.1433
C 150 445 398 20 12 1557 256.9 0.660 4.0 6 01583

TPORYV: Saturated water content (%); XMPOR: Boundary water content (%); WILT: Wilting point (%); CTEN: Boundary soil v&ber (em); N: van
Genucht en dsy KINTMINu Satutatedehydraulic conductivity (mri)h KSM: Boundary hydraulic conductivity (mm'Jy ZN: Tortuosity/Pore
size distribution factor for macropores (unitless); AGQcmw.*BalettEtfalf, e ct |
1995.
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3.3.6.2 Crop parameters

The simulated pesticides were all herbicides, mainly usedriculture so no application to
urban areas was expected. The simulated crops were cereals and oilseed rape (OSF
because they are the main crops present in the catchment and they are also common to
the pesticides simulated. Generic crop parametegse taken from FOCUS2000
Chateaudun scenar{d@able3-6); except for cereal dates which were modified to agree with

typical growing information for the UK.

Table 3-6 Crop parameters used in the moleDCUS, 200D

Crop

Parameter Parameter description Cereals OSR
IDSTART Day ofcrop emergence 294* 250
ZDATEMIN Day number for intermediate crop development st 60 90

between emergence and maximum leaf area
IDMAX Day of maximum leaf area/rood depth 166* 110
IHARV Day of harvest 212~ 191
CFORM Form factor that controls the raté increase of leaf are 2 2

between emergence and maximum leaf area (unitless)
RPIN Root distribution (%) 80 60
FAWC Root adaptability factor (unitless) 0.65 0.5
CRITAIR Critical soil air content for root water uptake (%) 5 5
CANCAP Canopy intercepdin capacity (mm) 2 3
ATTEN Attenuation factor for solar radiation in a crop canopy 0.6 0.6
RI50 The solar radiation that reduces stomatal conductanc 55 55

50%
ROOTINIT  Root depth at ZDATEMIN (m) 0.25 0.2
ROOTMAX Maximum root depth (m) 0.8 0.8
LAIM IN Leaf area index at ZDATEMIN (unitless) 1 1
LAIMAX Maximum leaf area index (unitless) 5 4
LAIHAR Leaf area of harvest (unitless) 1 2
ZHMIN Crop height at ZDATEMIN (m) 0.15 0.2
HMAX Maximum crop height (m) 0.8 15

OSR: Oilseed rape. *Dates modifiedtypical UK crop data

The crops to which the pesticides are usually applied in thetdishown inTable 3 7.
Clopyralid and MCPA are applied to more than one crop but just one crop was simulated
for each of them, OSR and cereals, respectively. Howewearhount of pesticide used in

the other crops was also taken into account in the model by adding the application rates fo
all the crops to the model and then using the total crop area treated with the pesticide for the

scaleup process.
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Table 3-7 Crops to which the target pesticides can be apphetherton and Brown, 2010

Pesticide Crops
Chlorotoluron Cereals
Carbetamide OSR
Clopyralid ORS; cereals; beetraps
MCPA Cereals; grass
Mecoprop Cereals
Propyzamide OSR

OSR: Oilseed rape

Reported crop areas for the Eastern regibable 3-8) were also used to determine the
percentage of crop area treated with pe$#iciin the scalap process as explained in
Section3.3.9 The removal of seaside in 2007 resulted in an increase in the area of
individual arable crops (Table-8), in particular wheafGarthwaite et al., 200%nd in the
area treated with pesticiddgble 3-10). Setasidewas a schemeimplemented in the
European Economic Community from 1992 to 20QCouncil of the European
Communities, 1993 Setasiderefers to land that farmers were not allowed to use for any
agricultural purpose to prevent ovamoduction and to allowmand regeneration and
ecosystems to develop. All relevant crops showed a substantial increase in crophatga
significant changes the totalarable land during the studigeriod in the Eastern region
The most significant increasan crop aredbetween 2006 and 2012 weaybserved for OSR
(62.6%), grassland (27.2%), sugar beet (13.3%) and cereals (8.8%). dhs mparable
crops in the UKalso showed a substantial decrease in other crops such as(\withrs
reduction 0f58.4%), peas (36.2%) and linseed (16.4%) due to crop rotations, changes in
land use(Garthwaite et al., 20135arthwaite et al., 20Q0tue to thencreasing demand in
the production ofvheat and OSkh the country(Spink et al., 2000

Table 3-8 Crop areas in the Eastern region for target cessarable lantdetween 2005 and 2013

Crop area (ha)

2006 2008 2010 2012
Cereals 471,706 534,735 502,081 513,356
OSR 103,488 130,181 140,960 168,241
Beet 72,656 80,732 75,918 82,346
Total arable land 1,017,084* 987,447 967,621 990,137

2005 2009 2013
Grassland 29,137 36,103 37,065

OSR: Oilseed rapé Including setaside
“Garthwaite et al. (2007 "Garthwaite et al. (2009 Garthwaite et al. (2031 Garthwaite et al.
(2013; °Garthwaite et al. (2006'Garthwaite et al. (20)0°Garthwaite et al. (2034
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3.3.6.3 Pesticide parameters

The physicochemical properties of the pesticides used in the model are presdrabl® in
3-9. The sorption distribution coefficient (ZKD) for each horizon was calculated from the
Koc and soil organic carbon content. Reported mean valueg.ofiéte used in the model
(AERU, 2007; the exception was for propyzamide since an initial simulation using the
reported average X value of 840 ml ¢ greatly undesimulated the pesticide
concentrationsPedersen et al. (199%eported K values for various soils with different
organic carbon coshts. Based on the organic carbon content of Beccles (1.7%) and
Burlingham (1.4%), K values of 4.96 and 4.09, respectively, were estimated by
extrapolation of the reported data. ThesgvKlues correspond to an averagg ¥alue of

292 ml g' that was the used in the model to improve the simulation of propyzamide.

Table 3-9 Pesticide properties used in the model

N Koc Half-lfe  roer TREsP  Expg  Freundlich

Pesticide (mL g™ soill °C) (K?)  (unitless) coefficient

(days) (unitless)
Carbetamide 8% 10.9 20 0.08 0.7 0.93
Chlorotoluron 184 59 20 0.08 0.7 0.9¢
Clopyralid 4.9 11* 10 0.001 0.01 0.76
MCPA 74 24 20 0.08 0.7 0.68
Mecoprop 20° 8.2 20 0.08 0.7 0.9¢
Propyzamide 297 47 20 0.08 0.7 0.90

2AERU (2007, "Netherton and Brown (20),0Pedersen et al. (1995

"Field-based degradation rate. TREF: Reference temperature. TRESP: Exponent in the temperatur
response faction. EXPB: Exponent in the degradation water response function.

Degradation rates for liquid and solid phases in the macropores and micropores (DEGMAL,
DEGMIL, DEGMAS and DEGMIS) were assumed identical and calculated from soil half
lives assuming firsbrder kinetics. Degradation rates varied with temperature and moisture
content for laboratorpased studies using the exponent in the temperature response
function (TRESP) and the exponent in the degradation water response function (EXPB).
The recommended/alues from FOCUS(2000 for TRESP and EXPB when using
laboratorybased degradation data were used in the model (0’ath# 0.7, respectively);

the exception was clopyralid where the Hd# was a field value. Degradation values were
supplied for the top soil {80 cm); the model calculated variation in degation with depth

by assuming a degradation rate of 50, 30 and 0% of that in topsoil at depthis @&0,380i

100 and >100 cm, respectivédlifOCUS, 2000
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Information about the total area treated with pesticide and the total weight applied was used
in order to calculate annual pesticide application rafedlé 3-10). This information is
usually reported by the Department for Food, Environment and Rural Affairs (Defra) every
two years for arable crops and every four year for grassland. Pesticide usage for the missing
years wasestimated by linear interpolation between data from the previous and the
following year for arable crops, whilst for grassland it was assumed to remastacb

between reported values.

Table 3-10 Pesticide ugge information for the Eastern region of the.UK

Total

Total area . Total area -
Pesticide / treated with peSt.'CIde Pesticide / treated with Tot.al pestlc.lde
Crop / Year pesticide Welght Crop / Year pesticide weight applied
(ha) applied (ha) (kg)
(kg)

Chlorotoluron Cereals Carbetamide OSR
2006 19,548 32,607 2006 12,121 25,086
2008 44,697 96,841 2008 30,383 61,725
2010 101,014 178,711 2010 26,066 49,453
2012 58,293 84,938 2017 27,229 45,596
Clopyralid Cereals Clopyralid Beet
2006 811 151 2006 65,273 4,810
2008 1,964 175 2008 64,532 4,856
2010 7,797 255 2010 107,283 7,835
2012 12,152 830 2017 58,830 4,673
Clopyralid Grassland MCPA Grassland
2005 9,233 1,311 2005 103,504 131,101
2009 23,988 4,597 2009 20,97 20,469
Clopyralid ORS MCPA Cereals
2006 34,848 2,767 2006 19,977 14,910
2008 94,076 7,729 2008 9,826 5,867
2010 98,711 7,794 2010 21,980 13,016
2012 137,486 11,781 2012 17,575 16,128
Mecoprop Cereals Propyzamide OSR
2006° 167,289 98,793 2006 81,144 60,493
2008 187,286 102,590 2008 110,357 83,970
2010 180,532 95,611 2010 161,367 125,987
20172 135,446 77,745 2012 215,375 171,889

‘Garthwaite et al. (2007 Garthwaite et al. (2009 “Garthwaite et al. (20)1 °Garthwaite et al.
(2013; “Garthwaite et al. (2006'Garthwaite et al. (2030
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Note that the area treated with pesticide for a crop may exceed the area grown. For example
the OSR area treated with propyzamide in 200#ble 3-8) was 1.3 times larger than OSR
area grown in the Eastern regidrable3-10). This is because the reported area treated with
pesticide is the sum of all applications made to that crop during thg jeamas, 2000

Table 3-11 shows the resulting pesticide application rates used in the model and the
pesticide application dates as well as the percentage of the total applicatior iEtievan

in Table3-12.

Table 3-11 Pesticide application rates used in the MACRO

Year Chlorotoluron Carbetamide Clopyralid MCPA Mecopr@  Propyzamide
(kg/ha) (kg/ha) (kg/ha) (kg/ha) (kg/ha) (kg/ha)
2006 1.67 2.07 0.07 1.18 0.59 0.75
2007 1.92 2.05 0.08 1.19 0.57 0.75
2008 2.17 2.03 0.08 121 0.55 0.76
2009 1.90 1.94 0.09 0.99 0.54 0.77
2010 1.77 1.86 0.09 0.78 0.53 0.78
2011 1.61 1.76 0.10 0.86 0.55 0.79

Interpokted values appear highlighted on the table

Table 3-12 Pesticide application dates and percentage of usage used in the MACRO

Application date/

Pesticide

Percentage of usage
Chlorotoluron 25-Oct
Carbetamide 1-Nov
Clopyralid 25-Feb (39%), 258May (61%)
MCPA 25-Apr (31%), 20Jun (52%), 180ct (17%)
Mecoprop 25-Oct
Propyzamide 30-Nov
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3.3.7 Modelling pesticide surface runoff

The models RZWQM2 and PRZM were used to calculate surface runoff and associated
pestcide loss from each soil association. The models were not applied to Isleham soils since

it is unlikely that runoff would be generated from a peaty soil with artificial drains.

3.3.7.1 Modelling pesticide loss via surface runoff using RZWQM2

The input parameterssed in RZWQM2 were the same as those used for MACRO. In
addition, water content values-83 and-1500 kPa were supplied to the model to estimate
the full Brook$ Corey (BC) parameter3 éble3-13).

Table 3-13 Brooks Corey parameters used in RZW(Mallett et al., 199b

Soil Saturated Water content Water content Residual water
water content at 33 kPa at 1500 kPa content
Beccles
A 0.485 0.2590 0.1611 0.0241
E 0.414 0.2319 0.1509 0.0226
B 0.444 0.3120 0.2271 0.0340
BC 0.411 0.2870 0.2150 0.0322
Burlingham
A 0.467 0.2470 0.1520 0.0228
E 0.425 0.2350 0.1520 0.0228
B 0.417 0.2730 0.1921 0.0288
Bo6 0.414 0.2610 0.1810 0.0271
BC 0.377 0.2430 0.1700 0.0255
Newport
A 0.430 0.1510 0.081 0.0121
B 0.459 0.0950 0.042 0.00&
BC 0.478 0.0930 0.038 0.0057
C 0.463 0.0510 0.020 0.0030
Barrow
A 0.405 0.0995 0.0392 0.0142
B 0.459 0.1074 0.0437 0.0172
Bo6 0.490 0.1722 0.0997 0.0334
BC 0.418 0.2282 0.1612 0.0286
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3.3.7.2 Modelling pesticide loss via surface run off using PRZM

PRZM was also used to calculate pesticide runofthie catchment. Input values such as
cropping, pesticide application data and soil properties were the same as those used for th
MACRO model. Soil erosion was turned off in the model because eroded sediment is not a
significant route of transport for thpesticide simulated. Runoff curve numbers were
supplied according to the hydrologic soil groups estimated for each soil assoclatuba (
3-14). Runoff curve numbers describe the interaction of soil types addulss to identify

the average soil moisture condition for three physical stages of the soil: fallow, cropping
and residue remaining following harvéStuarez, 2006 Curve numbers used in the model
corresponded to poorly drained caimehis and cropping values to small grain crop in
straight row.

Table 3-14 Hydrological soil group classification and initial runoff curve numbers used in PRZM
(USDA, 1986.

Soil Hydrological Soil description Fallow Cropping Residue

association group

Beccles C Poorly drained soils 91 83 88

Burlingham C Poorly drained soils 91 83 88

Barrow B Moderately well drainec 86 75 83
soils

Newport B Moderately well drainec 86 75 83
soils

3.3.8 Runoff from developed areas

Urban areas are reported to account for approximately 2% of the Wensum cat(®eaent

et al., 2005, however, this infanation refers to major urban areas, not taking into account
roads, farms and small villages. For modelling purposes it was estimated that the total
developed areas would be about 4% of the catchment. In the model, it is considered tha
50% of the rainfalfrom hard surfaces will end in the river network as rapid runoff. Surface

runoff was the only source of flow considered from the development areas.
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3.3.9 Scaleup of model results

Modelling results were scalagp for the entire catchment area since all modetounted
for only 1 ha of land.

3.3.9.1 Scaleup of water flow results

Individual sources of water flow simulated by the models include tile drainage (MACRO),
percolation (MACRO), ruroff (PRZM and RZWQM) and urban runoff (50% of rainfall
falling on these areaspimulated water percolation was added to the groundwater mixing
model to estimate the river baseflow. Individual water flow results were sgplbyg taking

into account the size of catchment, soil associations and urban areas. All the resulting flows
were then added together to estimate the total water flow at the catchment lbwtkes.
assumed that there was no de(rger than a daybpetween flow leaving the field and

arriving at the catchment outl@te. to simplify the simulation the travel times ignored)
3.3.9.2 Scaleup of pesticide concentration results

The pesticide loss simulated by MACRO corresponded to daily pesticide rate?(mg/m
through leaching and tile drainage. In order to scale up these results information about the
pesticide usage ithe catchment was required. As there were no reported detailed land use
data specific to the Wensum catchment, it was necessary to use information for the Eastern
region of England and assume that pesticide usage in the Wensum was proportional to these
data. The annual percentage of crop area treated with each pesgirigetfie Eastern

region (oCATEH was calculated using reported information about the annual crop area
treated with each pesticid€ATE) (Table 3-10) and the annual crop area in this region
(CAB), both in hectaresT@ble 3-8), usingEquation3-2. The results are shown ifable

3-15.

Equation 3-2 P6O"YO 60" YDOOO pmimtb

Table 3-15 Percentage of crop treated with a specific pesticide in the Eastern.region

Year Chlorotoluron  Carbetamide Clopyralid MCPA Mecoprop Propyzamide

2006 414 11.7 11.9 16.5 35.5 78.4
2007 6.38 18.2 14.5 15.2 35.2 82.0
2008 8.36 23.3 169 3.70 35.0 84.8
2009 14.0 21.0 18.9 4.5 35.5 100
2010 20.1 18.9 23.3 5.37 35.6 114
2011 15.7 23.0 19.0 5.06 35.4 121

Interpolated values in the table appear highlighte
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The resulting %CATE were then used together with information about the crop areas in the
Wensum (CAW, in ha)Table 3-16) to calculate the crop area treated with pesticide in the

catchmentCATW in ha) using=quation3-3.

Equation 3-3 00" YoOO0w PO O"YO

Table 3-16 Crop areas in the Wensum catchm@arrow, 2013.

Year Cereals OSR Beet Grass
(ha) (ha) (ha) (ha)
2005 21,646 3,534 5,406 6,263
2007 20,616 4,162 4,829 6,269
2008 19,606 4,067 4,699 6,300

Then, the daily pesticide loads, (n mg/day) for each soil association were calculated using
Equation 3-4, where PR is the simulated pesticide loss rate (mdan and SAis the

proportion of each soil associationaple3-1).

Equation 3-4 0 60"YOO'Y Y0 cT@

Finally, these results were divided by the predicted water flawn( m*/day) to calculate

the pesticide concentration at the Wensum oufl€} (n ng/l) usingEquation3-5.

Equation 3-5 06 0Oro
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3.3.10 Model evaluation

Model evaluation was applied to the results from all models for both water flow and
pesticide simulations. The simulated runoff from PRZM and RZWQM2 waseakoated
to determine which model better simulated this emission route. LOQ for most of the

pesticides varied during the simulation period as showrabie3-17.

Table 3-17 LOQ reported in the monitoring da@SF, 2012

Pesticide LOQ (my/l) LOQ (nu/l)
200671 Oct 2009 Nov 2009i 2011
Chlorotoluron 0.04 0.01
Carbetamide 0.04 0.01
Clopyralid 0.04 0.01
MCPA 0.04 0.001
Mecoprop 0.04 0.001
Propyzamide 0.005 0.005

The first analysis was carried out by visual comparison of the simulated and measured data;
concentrations was set to LOQ values in the measured data for monitoring days when
pesticide concentration were below the LOQ. Goodoéds and model efficiency were
calculated for a quantitative evaluation of the simulations.. The residyalere calculated

for each data point over the simulation period by calculating the difference between the
observed Qo) and predictediaily flow (Qn) (Equation3-6). The results were represented in

a residual plot to evaluate their pattern over time.

Equation 3-6 Q 0 v

A hydrological year corresponds to the period betweepteSnber ¥ and August 31
Model efficiency was evaluated for each hydrological year and for the overall period of
time, i.e. from January 12006 to December ¥52011. The NashSutcliffe model
efficiency coefficientgNash and Sutcliffe, 1970vere calculatedn a daily timestep f)
for each hydrological year, for periods of high and low flows, and for the entire simulation

period usingequation3-7.

Equation 3-7 O p

where0 and0 are the observed and modelled flow at tineespectively; and is the

observed mean valublodel efficiencies values canrangefrelh t o 1. An ef f i
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= 1 corresponds to a perfect match between the model and the observed data. A mode
efficiency of E = 0 indicates that the simulation is as accurate as the mean of the observet
data, whereas simulations with E <0 occur whendbgerved mean is a better predictor

than the model. Therefore, the best simulation results would have positive efficiency values

near to one.

3.3.11 Model calibration
3.3.11.1MACRO calibration

The main aim of the model calibration was to improve the behaviour of thedmggh
simulation from MACRO at the end of the low flow periods. Discrepancies between the
simulated and observed water flow indicated the need for calibration of cereals and OSR
crop parameters as well as for the soil parameters of the most influentglins the
simulation, Beccles and Burlingham. Root parameters were changed to reduce the amour
of water uptake by plants. For both crops the root distribution (RPIN) was increased to 90;
the root depth at ZDATEMIN (ROOTINIT) and the maximum root defROQOTMAX)

were reduced to 0.05 and 0.7, respectively. Finally, for cereals the root adaptability factor

(FAWC) was reduced to 0.%5able3-18 summarized these parameters.

Table 3-18 Uncalibrated and calibrated crop parameters

Crop
Parameter Parameter description Cereals Cereals OSR OSR
uncalibrated calibrated uncalibrated calibrated
RPIN Root distribution (%) 80 90 60 90
FAWC Root adaptability factor 0.65 0.5 0.5 0.5
(unitless)
ROOTINIT  Root depth at 0.25 0.05 0.2 0.05
ZDATEMIN (m)
ROOTMAX  Maximum root depth (m) 0.8 0.7 0.8 0.7

OSR: Oilseed rape

Since Beccles and Burlingham are the main soils in the area and also they are the one
contributing to pestide loss through tile drainage, calibration was applied to increase water
flow infiltration capacity by facilitating the movement of water in the soil profile. The
modified parameters were the tortuosity/pore size distribution factor for macropores (ZN),
the effective diffusion path length (ASCALE) and the fraction of sorption sites
(FRACMAC). 2N is very sensitive value influencing preferential flow which cannot be

measured directly and systematic calibration is normally req(Bedke et al., 2002bZN

125



3. Modelling pesticides in the Wensum catchment using-Belle models

was reduced in a unit for all horizons in Beccles and in 0.5 for the first two horizons in
Burlingham. In addition, FRACMAC was changed reduced from 0.2 tddd. Beccles

since theoriginal value was too big (common values range between 0.005 afBellke

et al., 2002p. For Burlingham, ASCALE was increased to 10 since the original value of 5
was too smal{common values range between 10 and 40). Calibrated values appahlen

3-19. In addition, a calibrated value of 1% was use as the outflow rate from the deep aquifer

to the river network in the groundwater nmgimodel.

Table 3-19 Uncalibrated and calibrated ZN and ASCALE parameters for Beccles and Burlingham

Soil ZN ZN ASCALE ASCALE
association Uncalibrated calibrated uncalibrated calibrated
Beccles
A 4.0 3.0
E 4.0 3.0
B 3.0 2.0
BC 3.0 2.0
Burlingham
A 4.0 3.5 5 10
E 4.0 3.5

3.3.11.2PRZM calibration

Runoff curve numbers were calibrated in PRZM to reduce theestanation of runoff by

the model. Runoff from Beccles and Burlingham wassatered to be nesignificant as
these soils include tile drainage systems, a practice that is expected to greatly reduce surface
runoff from these soils but is not simulated by PRZM. Thus, any runoff from arable lands
was considered to come from Newpamnd Barrow. Therefore, the first step of the
calibration was to remove the predicted runoff from Beccles and Burlingham. The
evaluation of the calibration effect was initially carried out by visual comparison between
the observed hydrograph and the pregictrunoff from PRZM; subsequently, model
efficiency was applied to facilitate the calibration process. Since considerable over
estimation of the flow was still observed; the hydrologic soil group for Newport and Barrow
was changed from B to A. Further d¢ahtion of the curve numbers was required, so their
values were reduced by 2% until an optimal value of a reduction of the curve number by
10% was determinediable 3-20 shows initial and calibrated curve numbesed in the

model.
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Table 3-20 Uncalibrated and calibrated runoff curve numbers for PRZM

Uncalibrated Calibrated
Fallow Cropping Residue Fallow Cropping Residue
86 75 83 69 57 67

3.4 Results

3.4.1 Water flow simulation using MACRO

3.4.1.1 Tile drainage andpercolatingflow simulation

MACRO was used to simulate tile drage and percolatin flow within the Wensum
catchment.Figure 3-6 shows the hydrograph from the initial uncalibratedhulation.
Results showed owastimation of the flow in periods of high flow. The largest ever
estimation was observed from November 2006 to March 2007 (up to a factor of 2.1)
whereas for the remainder of the period only a few peaks wereestigrated bt to a lesser
degree (up to a factor of 1.3). The simulated hydrograph had a smooth behaviour in period:
of low flow compared to the observed data. The simulation suggested that most of the peak:
in periods of highflow corresponded to drain and percalgtilow. Table 3-21 shows the
simulated drain angbercolatingvolume for each hydrological year and for the whole
simulation period, together with observed and total simulated volume from MACRO at the
catchment odet. Similar proportions for drain flow angbercolating volumes were
simulated between years bpgrcolationwas simulated in larger amounts for all periods,
ranging between 54.2 and 64.0% year of the total flow from MACRO. The simulated flow
between 200&nd 2011 from MACRO accounted for 85.9% of the total observed volume;
however, the model matched observed volume in ZD0F, exceeding the observed

volume by 0.6%.
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Table 3-21 Observed water volume and simulated drainage, leaching volume from MACRO and
including the runoff from the development areas (MACRO + Urban runoff) together with the
estimated runoff frm the development areas (Urban runaffid its percentage simulated from the
observed volumé&om each hydrological year

Total simulated

_ MACRO MACRO  Urban Observed _ 'o@ flow MACRO +
Hydrological . . simulated
car drainage percolation  runoff flow How Urban runoff
y Afmd)  @1o'md)  Afmd)  (1Pmd , (% of the
(10°m3)
observed)
20061 2007 84.2 107.3 12.7 190.5 204.3 107.2
200771 2008 83.1 98.5 8.6 198.1 190.3 96.0
200871 2009 43.7 70.6 7.0 168.0 121.2 72.2
200971 2010 55.7 79.9 7.6 150.9 143.3 94.9
201071 2011 37.7 67.1 7.5 140.0 112.3 80.2
200671 2011 304.4 423.4 43.5 847.5 771.3 91.0

3.4.1.2 Runoff from developed areas

Runoff coming from developed areas (urban runoff) was calculated and added to the
simulation from MACRO. The resulting hydrograph is comgai@ the initial simulation

and the observed flow iRigure3-7. The runoff added a large number of small peaks to the
hydrograph particularly during low flow periods in contrast to the smooth curve of the
initial simulation. The runoff peaks also matched the timing and pattern of the observed
flow despite the lack of baseflow in the simulation. Gestimation of the flow was
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increased for 2006, exceeding the observed flow by 7.P&bl¢ 3-21). To this point,
without including other sources of surface runoff, the simulation accounted for 91.0% of the
observed flow. The missing simulated flow compared to the observed data between 2007
and 2011 vaed between hydrological yesafrom 4.0% 20072008 to 27.8% (200€009.
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Figure 3-7 Observed and simulated flow from MACRO with (MACRO + Urban runoff) and
without (MACRO) the runoff from development areas

3.4.1.3 Groundwater mixing modelisnulation

The effect of adding the groundwater mixing (GW) model to the simulation is presented in
Figure 3-8; a closer behaviour to a typical hydrograph including baseflow was observed
particularly at the beginngnof the low flow periods. However, at the end of these periods
the flow took a longer time to recover which suggests delays to the normal wetting up of the
soil. Instead of the symmetric shape in the hydrograph during low flow periods, a more
asymmetricalshape was observed characterized by a gradual decrease in the curve flow
until reaching a minimum value and then followed by an wedémate of flow at the
beginning of high flow periods. The GW model also had a varied effect on the total

simulated volme for the hydrological yeargdble 3-22); the simulated volume in 2006
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2007, 20092010and for the overall simulation period (200€011) was reduced while for

the rest of the hydrological years an increasedimel was observed. Ovestimation for
20062007 decreased from 7.2 to 1.9% compared to the observed volume. The simulated
volume for the period 20062011 was 89.5% of the observed volume.
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Figure 3-8 Compaison of the simulation from MACRO with (MACRO + urban runoff + GW) and
without (MACRO + urban runoff) the groundwater mix model together with the observed flow

Table 3-22 Observed water volume and that siated from MACRO including the runoff from the
development areas (MACRO + urban runoff) together with the simulation including the volume
from the GW modeénd its percentage simulated from the observed voftone each hydrological

year

MACRO + MACRO + Urban Observed Total simulated

Hydrological year  Urban runoff runoff + GW 10°m) (% of the

(10°m?) (10°m?) ( observed)
20061 2007 204.3 194.1 190.5 101.9
20071 2008 190.3 190.9 198.1 96.3
20081 2009 121.2 123.4 168.0 73.5
20091 2010 143.3 137.7 1509 91.2
20101 2011 112.3 112.7 140.0 80.5
200671 2011 771.3 758.8 847.5 89.5
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Figure 3-9 shows the effect of the GW model on the model residuals. The residuals for the
initial simulation exhibited a sinusoidahtpern with large positive and negative values due

to underestimation of the flow at the end of low flow periods and @astmmation during
periods of great flow, respectively. The GW model showed a great reduction in the
magnitude of negative residuals w&ell as for some large positive ones. However, the large
negative values were still observed in 2@D®7. A nonrandom behaviour in the residuals
was also observed for the simulation including the GW model but with a different pattern;
the residuals tahe d t o b e h asvhea pwiot hf oar felthch hydr ol

sustained undegstimation of flow at the beginning of the winter.
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Figure 3-9 Comparison of the residuals from the simulations with aiigowt the GW model

The NashkSutcliffe model efficiency coefficientsE] were calculated for individual
hydrological years, for the overall simulation (2008011), and for high (1 Novembgr30
April) and low flow periods (1 May 31 October) for botlsimulations: with and without
the GW model Table3-23). The simulation without the GW model showed negative values
of model efficiency formost ofthe hydrological years as well as for low and high flow
periods The exceptiosawerefor the hydrological years 20e2008and 20092010 and for

the high flow period 2002008 were positive but small values were obserié® use of

the GW model greatly improved the simulation; positive values were achieved for the entire
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simulation period £ = 0.35) and for all the hydrological years varying between 0.04 (in
20062007 and 0.64 (in 2002010. The best model efficiencies were obtained for 2007
2008 and 20092010 (E = 0.61 and 0.64, respectively). The worst model effigrewas
obtained for 2002007 due to the oveestimation of the flow. Negative efficiency values
were obtained for some high and low flow periods but positive values were achieved for
both overall simulations (E 8.11 and 0.2Q respectively). Better ressltwere generally
obtained forhigh than for low flow periods; apart from 200820092 The best model
efficiency in the simulation was obtained for tiigh flow period in 20072008(E = 0.73).

Table 3-23 NashSucliffe model efficiency coefficients for the simulated flow with and without the
GW model for each hydrological year as well as for the high and low flow periods

Simulation without the GW model Simulation with the GW model
E high E low flow E high flow E low flow
. . . E each : .
Hydrological hydrological flow period period hydrological period period
year year 1 Novi 30 1 MayT 31 year 1 Novi 30 1 Mayi 31
Apr Oct Apr Oct
200671 2007 -0.85 -2.29 -3.79 0.04 -0.30 -0.87
20071 2008 0.23 0.30 -2.18 0.61 0.73 -0.82
20081 2009 -0.23 -0.92 -3.16 0.10 -0.54 0.05
200971 2010 0.31 -0.34 -1.71 0.64 0.29 -0.70
20101 2011 -0.11 -0.69 -5.70 0.19 -0.29 -3.82
200671 2011 -0.12 -0.65 -0.19 0.35 0.11 0.20

3.4.2 Water flow simulation using RZWQM

Table 3-24 shows the simulated runoff for one hectare of each soil association in the
Wensum catchment using RZWQM. The simulated runoff had exactly the same values for
all the soil associations despite the fact that their physical and higdpaoperties were
different. The reason for this behaviour was that for the present catchment and parameter
set, the model only predicted surface runoff on days when the temperature was below or
close to zero; at such times the model assumed that theswtstace was frozen so
precipitation could not infiltrate resulting in a runoff event. The lack of runoff when the soll
was not frozen was thought to be due tohiyh saturated hydraulic conductivity values of

the soils which yieldedhigh infiltration @pacity for this particular model. Runoff peaks
were mostly predicted during high flovepods in20102011and only a few peaks in 2009

and a single small one in 2007.
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Table 3-24 Runoff resulting runoff fromiha of the different soil associations using RZWQM along
with the measured maximum and minimum temperatures

Runoff values
Beccles Burlingham Barrow Newport T max T min
Date (cm db) (cmd)  (emd) (cmdh)  (°C) (°C)

8/2/2007  0.001 0.001 0.001 0.001 4.6 -7.2
12/1/2009 0.022 0.022 0.022 0.022 8.1 2.2
2/2/2009  0.007 0.007 0.007 0.007 2.0 2.1
3/2/2009  0.035 0.035 0.035 0.035 3.1 -2.2
4/2/2009 0.016 0.016 0.016 0.016 4.8 -6.1
7/2/2009  0.002 0.002 0.002 0.002 2.2 -2.3
25/12/2009 0.044 0.044 0.044 0.044 3.7 0.3
26/12/2009 0.022 0.022 0.022 0.022 3.9 -1.5
28/12/2009  0.029 0.029 0.029 0.029 55 -2.0
29/12/2009  0.036 0.036 0.036 0.036 6.0 -3.1
2/1/2010  0.005 0.005 0.005 0.005 3.5 -4.3
5/1/2010  0.004 0.004 0.004 0.004 2.3 -5.2
7/1/2010  0.023 0.023 0.023 0.023 2.3 -1.7
8/1/2010  0.007 0.007 0.007 0.007 2.8 -6.2
10/1/2010 0.041 0.041 0.041 0.041 2.2 -0.6
27/1/2010  0.006 0.006 0.006 0.006 2.3 -3.9
28/1/2010 0.032 0.032 0.032 0.032 7.1 0.4
21/2/2010 0.018 0.018 0.018 0.018 5.0 -5.5
22/2/2010 0.007 0.007 0.007 0.007 2.3 -3.9
23/2/2010 0.037 0.037 0.037 0.037 3.5 0.0
24/2/2010 0.021 0.021 0.021 0.021 53 1.6
29/11/2010 0.005 0.005 0.005 0.005 15 2.4
30/11/2010 0.033 0.033 0.033 0.033 2.8 -1.5
2/12/2010 0.010 0.010 0.010 0.010 15 -0.7
9/12/20D 0.031 0.031 0.031 0.031 4.6 -1.6
12/12/2010 0.028 0.028 0.028 0.028 8.0 -0.8
22/12/2010 0.007 0.007 0.007 0.007 15 -1.6
25/12/2010 0.010 0.010 0.010 0.010 2.9 -3.7
28/12/2010 0.008 0.008 0.008 0.008 2.9 -4.1
29/12/2010 0.025 0.025 0.025 0.025 3.6 1.7

More detailed hydrographs comparing the observed flow to the runoff simulation from
RZWQM added to the uncalibrated simulation from MACRO (MACRO + urban runoff +
GW + RZWQM) and the simulation without RZWQM (MACRO + urban runoff + GW) for
periods whenRZWQM predicted runoff events are shownHigure 3-10. Hydrographs
showed that most of the simulated runoff peaks did not match the observed-idpne (
3-10ai c). Simdated runoff events when the behaviour of the flow was uedgmated at

the beginning of the high flow periods were difficult to evaluate (e.g. from DecemBén 24

133



3. Modelling pesticides in the Wensum catchment using-Belle models

3152009 and from November &0 December 22 2010); despite this, the simulation
without RZWQM (MACRO + urban runoff + GW) matched the observed data better but

even though calibration is required to address the wegtanation of flow.

Table 3-25 shows the NasButcliffe model efficiency coeffients for the simulations with

and without the runoff from RZWQM. A slight reduction in model efficiency values was
observed for hydrological years 208809 and 20092010 as well as for their respective
high flow periods and the overall simulation of higdw (20067 2011); the exception was

for 2010 when a slightly improvement in model efficiency for the hydrological year and its
low flow period occurred likely due to the reduction in the uretgimation of the flow but

not because the runoff peaks agtewith the observed data. No effect was observed for
periods of high flow since significant improvements were observed during these times. Due
to the large disagreement in the simulation of the runoff by RZWQM and as no
improvements were made in waterviissimulation, it was concluded that the RZWQM
model could not predict the real runoff behaviour in the catchment; hence, it was not

included in the modelling framework.
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Figure 3-10 Comparison of the sasured flow with the simulation from MACRO (MACRO +
urban runoff + GW) and including the runoff from RZWQM (MACRO + urban runoff + GW+
RZWQM).
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Table 3-25 NashSutcliffe model efficiency coefficients for thdamalation with and without
RZWQM for each hydrological year as well as for the high and low flow periods

Without RZWQM Including RZWQM
. E each E high flow E Iow'flow E each E high flow E Iow'flow

Hydrological hydrological period period hydrological period period
year year 1 Novi 30 1 Mayrt 31 year 1 Novi 30 1 Mayi
Apr Oct Apr 31 Oct

20061 2007 0.04 -0.30 -0.87 0.04 -0.30 -0.87
20071 2008 0.61 0.73 -0.82 0.61 0.73 -0.82
20081 2009 0.10 -0.54 0.05 0.09 -0.55 0.05
20091 2010 0.64 0.29 -0.70 0.62 0.25 -0.70
20101 2011 0.19 -0.29 -3.82 0.23 -0.22 -3.82
20067 2011 0.35 0.11 0.20 0.35 0.10 0.20

3.4.3 Water flow simulation using PRZM

PRZM was also used to simulate runoff in the catchnieadtle 3-26 shows the shulated
runoff for each soil association during the/&ar period (2006 2011)before calibration

(i.e. including Beccles and Burlingham in the simulatidn)contrast to RZWQM, PRZM
simulated different runoff values for all soils according to theiitrafion capacityFigure

3-11 shows the resulting flow when adding the simulation from MACRO to the runoff from
PRZM (MACRO + urban runoff + GW + PRZM). PRZM was also able to simulate more
runoff events than RZWQNMvith a good match in the timing compared to the observed

flow. However, the model greatly ovestimated runoff by up to a factor of nine.

Table 3-26 Simulated runoff using PRZM for each soil association tivemperiod 2006 2011for
the uncalibrated simulation

Newport Barrow Beccles Burlingham
(cm/5 years) (cm/5years) (cm/5years) (cm/5 years)
5.151 4,725 15.082 16.434
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Figure 3-11 Comparison of the meaed andhe simulated flow from MACRO @iuding the runoff from PRZMMACRO + urban runoff + GW)
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Discrepancies in the runoff simulation from PRZM were also reflected in model efficiency
which was significantly reduced for all the hydrological years @meg to the simulation

without PRZM {Table 3-14). The runoff ovefestimation may be explained by the fact that
PRZM is an empirical model designed for conditions in the USA so the modelling results
would differ fran UK behaviour. In addition, PRZM does not include the simulation of
drainage systems which are present in the area. Drainage systems are able to greatly reduce
runoff by improving solil infiltration. Model calibration can improve the runoff simulation

from PRZM since the timing of the peaks did agree with the observed flow.

Table 3-27 NashSutcliffe model efficiency coefficients for the simulations with and without PRZM
for each hydrological year as well as foe high and low flow periods

: Including PRZM
Without PRZM
(MACRO + urban runoff + GW +
(MACRO + urban runoff + GW) PRZM)
. E each E high flow E Iowlflow E each E high flow E Iow_flow

Hydrological hydrological period period hydrological period period
year year 1 Novi 30 1 Mayrt 31 year 1 Novi 30 1 Mayi
Apr Oct Apr 31 Oct

20061 2007 0.04 -0.30 -0.87 -2.26 -3.11 -4.94
200771 2008 0.61 0.73 -0.82 -1.1 0.32 -15.12
20081 2009 0.10 -0.54 0.05 -0.93 -0.540 -19.65
2009i 2010 0.64 0.29 -0.70 0.43 0.23 -1.37
20101 2011 0.19 -0.29 -3.82 0.16 -0.23 -14.69
200671 2011 0.35 0.11 0.20 -0.80 -0.58 -2.45

3.4.4 Model calibration
3.4.4.1 Model calibration for MACRO

The main aim of the model calibration was to improve the behaviour of the flow at the end
of the low flow perials. Changes in the root parameters of both crops and in soil parameters
for Beccles and Burlingham were applied in order to reduce the amount of water uptake by
plants and to increase soil moistuFegure 3-12 shows the effect in the hydrograph for
20092010 the calibrated simulation allowed an increase in the soil moisture at the
beginning of the high flow periods earlier than for the uncalibrated simulation. A slight
increase in the flow was also observed fa kiigh flow period.Table 3-28 compares the
effect in the drainage, percolatiand total volume simulation after including the GW

model. Volume values for the different sources increased by an average facthr Tel.
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water volume for the simulation period after calibration accounted for 97.4% of the
observed volume but with ovesstimation in 2006 and 2009, which exceeded the observed
volume by 12.5 and 0.7%, respectively. The shortfall in simulated volumed@#2D08

20082009 and 20162011 was by 1.4, 19.0 and 8.9%, respectively, compared to the

observed data which was expected to come from other sources of flow such aandooff

nonrecorded rainfall
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Figure 3-12 Effect of model calibration on the simulated flow for the beginning of the high flow
period in 2009. The graph also shows uncalibrated and observed flow

Table 3-28 Simulated drainage and percolativom the simulation using MACRO with (MACRO
+ urban runoff + GW) and without (MACRO + urban runoff) the GW model together their
percentage simulated from the observed volénom each hydrological year.

Uncalibrated Calibrated
MACRO + urban runoff + GW MACRO + urban runoff + GW
. Total . Total
Hydrological Drainage Percolation Simulated simulated| Drainage Percolation Simulated simulated
year (0  afm) "W opofthe| M) afm) W (o of the
(10° m’) (10° m°)
observed) observed)
20061 2007 84.2 107.3 194.1 101.9 97.1 117.4 214.3 112.5
20077 2008  83.1 98.5 190.9 96.3 84.0 99.9 195.3 98.6
20087 2009  43.7 70.6 123.4 73.5 51.0 76.2 136.1 81.0
2009i 2010  55.7 79.9 137.7 91.2 64.1 86.2 152.0 100.7
20107 2011 37.7 67.1 112.7 80.5 46.3 73.6 127.6 911
20067 2011 304.4 423.4 758.8 89.5 342.5 453.3 825.4 97.4
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The residual plotKigure 3-13) for the calibrated water flow did not show a significant
change; the same noandom behaviour of the residaakas obtained. Only an increase in
the magnitude of some of the negative residuals was observed due to the increase in the

simulated flow.
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Figure 3-13 Comparison of the residuals from the uncalibrated @aldbrated simulations using
MACRO.
The model efficiency values for the calibrated simulation confirmed the improvement in the
model simulation Table 3-29), particularly, for individual hydrological yearkjgh flow
periods and the overall simulatiok € 0.43); the exception was for 20@607 where a
reduction in the efficiencyvas obtained for the hydrological year and for tingh flow
period. Forow flow periods a slight improvement in the efficiency valueswbserved but
only by reducing the magnitude of the negative values, except for-ZllDwhen a
slightly worse efficiency was obtained. The best simulations were obtained fo122087
(E = 0.63) includinchigh flow period € = 0.73) and for 2002010(E = 0.72).

140



3. Modelling pestiailes in the Wensum catchment using fistéle models

Table 3-29 NashSutcliffe model efficiency coefficients for the uncalibrated and calibrated
simulations for each hydrological year as well as for the high and low flow periods

Uncalibrated Calibrated
MACRO + urban runoff + GW MACRO + urban runoff + GW
. E each E high flow E Iow'flow E each E high flow E Iow.flow

Hydrological hydrological period period hydrological period period
year year 1 Novi 30 1 Mayi 31 year 1 Novi 30 1 Mayi
Apr Oct Apr 31 Oct

200671 2007 0.04 -0.30 -0.87 0.02 -0.54 -0.73
20071 2008 0.61 0.73 -0.82 0.63 0.73 -0.77
20081 2009 0.10 -0.54 0.05 0.33 -0.001 0.13
200971 2010 0.64 0.29 -0.70 0.72 0.47 -0.67
20101 2011 0.19 -0.29 -3.82 0.39 0.12 -4.93
200671 2011 0.35 0.1 0.20 0.43 0.23 0.28

3.4.4.2 Model calibration for PRZM

Model calibration was applied to Newport and Barrow simulations using PRZM in order to
reduce oveestimation in runoff. The first stage of the calibration was to chregeunoff

curve numbergCN) from the hydrologic soil group B to A (PRZM calibrated HG), then
curve numbersvere reduced by 8 (PRZM calibrategCN) and 10% (PRZM calibrated
10%CN)and the soils with draining systems (Beccles and Burlingham) were removed from
the simulation Figure 3-14 and Table 3-30 show the effect of the calibration on the
magnitude and number of runoff events. Each calibration stage greatly reduced the runoft
overestimation as well ashe number of runoff events. The uncalibrated simulation
predicted 140 runoff events and with each stage of the calibration the events were reduce
by 65, 82 and 86%, respectively. Similarly the total simulated runoff volume was reduced
by 66, 86 and 90%espectively.
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Figure 3-14 Simulated runoff events from the uncalibrated simulation using PRZMincluding

Beccles and Burlinghanas well as for each calibration stage: changing the hydrologic sai ¢goo
A (Calib HGA), reducing the curve numbers by 8 and 10% (CaBBCN and-10%CN,

respectively)and excluding Beccles and Burlingham.

Table 3-30 Simulated runoff volume and number of runoff events froeuncalibrated simulation
using PRZM(i.e. including Beccles and Burlingham$ well as for each calibration stage: changing
the hydrologic soil group to AGalibrated HGA), reducing the curve numbers by 8 and 10%
(Calibrated-8%CN and-10%CN, respectivg) and excluding Beccles and Burlingham.

Uncalibrated Calibrated Calibrated Calibrated

HG-A -8%CN -10%CN
Runoff (1¢ m®) 68.6 23.5 9.3 7.1
Number of runoff events 140 49 24 20

Table 3-31 shows the Naslutliffe model efficiency values for each stage of the
calibration and for the uncalibrated simulation with PRZM. An improvement in model
efficiency was observed for each stage of the calibration but the values were not better than
those obtained for MACRO ithout PRZM, except for the high flow period in 26R2607.

The calibration was not continued since reducing the curve numbers would also reduce the
number of runoff events and no significant improvement in the flow compared to the

simulation from MACRO waskely to occur.
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Table 3-31 NashSutcliffe model efficiency coefficients for the uncalibrated simulation using
PRZM (i.e. including Beccles and Burlinghara$ well as for each calibration stage: changing the
hydrologic soil group to A Qalibrated HGA), reducing the curve numbers by 8 and 10%
(Calibrated-8%CN and-10%CN, respectivelyand excluding Beccles and Burlingham.

Uncalibrated PRZM PRZM calibrated HG
. E each E highflow E Iow_ﬂow E each E high flow E Iow.flow

Hydrological hydrological period period hydrological period period
year year 1 Novi 30 1 Mayrt 31 year 1 Novi 30 1 Mayi
Apr Oct Apr 31 Oct

20061 2007 -2.48 -3.83 -4.90 -0.56 -1.37 -0.71
20071 2008 -1.09 0.24 -15.12 0.16 0.64 -5.34
20081 2009 -0.70 -0.009 -19.73 0.07 -0.009 -2.50
20091 2010 0.49 0.38 -1.36 0.70 0.46 -0.71
20107 2011 0.34 0.16 -16.01 0.38 0.11 -5.13
200671 2011 -0.79 -0.58 -2.41 0.14 0.03 -0.36

] PRZM calibrated -8%CN PRZM calibrated -10%CN

20061 2007 -0.11 -0.74 -0.69 -0.06 -0.66 -0.69
20071 2008 0.48 0.71 -2.22 0.52 0.72 -1.89
20081 2009 0.27 -0.01 -0.08 0.29 -0.011 0.09
20091 2010 0.72 0.47 -0.68 0.72 0.47 -0.68
20101 2011 0.38 0.10 -4.26 0.38 0.10 -4.26
200671 2011 0.35 0.18 0.12 0.38 0.20 0.16

The evéuation of the runoff simulation from PRZM showed that the model was able to
simulate runoff events with good timing but ostimation was a problem in the
simulation; no significant improvement was expected from further calibration. Results from
MACRO showed that most of the water contributing to the water flow in the catchment is
likely to come from drainage and percolation. For this reason, it was decided not to include
other sources of runoff apart from the ones coming from the development areas and t

estimate the pesticide loss based only on drainagpedlation

3.4.5 Pesticide modelling results

None of the models used to calculate surface runoff was able to provide good predictions
for the catchment and there is no evidence to suggest that sign#mannts of runoff can
occur in the catchment. Hence, it was decided that only MACRO would be used to estimate

the pesticide loss in the Wensum catchment.
3.4.5.1 Pesticide concentrations

The simulated pesticide concentrations at the Wensum outlet from the inpél@mework
using MACRO are compared to the measured dat&igmre 3-15 to Figure 3-20 for
hydrological years 2006 2011. The results are presented in application diater during
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the crop year starting from autumn. The LOQ values were used in the graphs for the

monitoring days when no pesticide concentrations were detected. The model simulates daily
pesticide concentrations even below the LOQ and these data weresthatuthe graphs

even though they cannot be evaluated. There was variability in simulations for the different

pesticides; the model generally simulated autumn and winter applications better than those
occurring during spring and summer. Concentration te$af each pesticide are described

below.

The simulation of pesticide concentration for chlorotolurbigire 3-15) showed a good
prediction of the pattern of the peaks for each hydrological year though thersonesze
discrepancies in the timing and magnitude of some of the peaks. The model tended to miss
the first emission peaks in autumn and early winter periods for the hydrological years 2008
2009to 20162011 Underestimation of the concentrations was obserug factors of 2.9

and 2.5 when the first and second maximum observed concentrations took place on
December 2 2009 and November 262010, respectively. Ovesstimation of the
concentrations was mostly observed throughout the simulation by up to ose afrd
magnitude.

0.8 ~
—MACRO

07 - * Measured data

0.6 -

ng/l)

0.5 ~

0.4 +

0.3 A ¢

0.2 1

Concentration of chlorotoluron (

Figure 3-15 Comparison of measured concentrations of chlorotoluron with those simulated by the
model framework using MACRO
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Concentrations for mecopropi@ure3-16) were generally simulated within the same order

of magnitude as the observed data but with some disagreements in the timing of the peaks
the model simulated peaks occurring two months earlier than observed in spring 2007 anc
2008 and twanonths later, than observed in early winter 2008. The model did not simulate

peaks occurring in autumn and early winter 2007 or in summer 2009.

087 ——MACRO
¢ Measured data
0.7 A .
0.6 -
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Figure 3-16 Comparison of measured concentrations of mecomritip those simulated by the
model framework using MACRO

In the case of carbetamide and propyzamikigure3-17 andFigure3-18, respectively), the
model achieved a goamulation of the patterns of the peaks but greatly uedémated

the concentrations by up to one order of magnitude for some hydrological years. For
carbetamide, less undestimation was obtained for the hydrological years 2006 and 2010
by up to factos of 2.4 and 1.4, respectively. In the case of propyzamide the modet} under
estimated concentrations for 202809 and 20092010 but overestimation was observed

for the rest of the hydrological years. In 2006 esstimation occurred by up to a factor of

9.3 and in 2002010and 20162011 by factors of 2.4 and 1.8, respectively although the

model matched the timing of the maximum observed concentrations.

145



3. Modelling pestiades in the Wensum catchment using fistdle models

0.7 1
- MACRO
¢ Measured data o
0.6 A
g
— 0.5 1
()
S
E °
{
§ 0.4 -
©
o
LS .
_5 0.3 A R °
‘é °
IS
(]
2 0.2 - . ° .
@]
o . . .
0.1 A . o . L
_q .h —t: _k s :
0 — . . . ; "‘*-‘ \_
S & LH L L L L & S X
) & Q & Q & ) > ) >
\’% '\9 \'% \'Q \f‘o \'Q \"b '\9 \'O" '\9
Date

Figure 3-17 Comparison of measured concentrations arbetamide with those simulated by the
model framework using MACRO
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Figure 3-18 Comparison of measured concentrations of propyzamide with those simulated by the
model framework using MACRO
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Poor simulationsvere obtained for clopyralid and MCPAigure 3-19 and Figure 3-20,
respectively). For clopyralid, two peaks were simulated above the LOQ and differing in the
timing while 13 emissions were observed in the measured data. Quantifiable residues were
generally detected during the late spring and summer periods with a couple of observation:
during early spring (in March 2008 and April 2011) and autumn (September and November
2010). The first simulated peak occurred in March 2007 but the first measured
concentration took place in May 2007. Similarly behaviour was seen for the second
simulated peak above the LOQ that occurred in March 2010 and the measured in May of the
same yearA small peak was simulated at the same time that an observed emission but the

simulated concentrations were below the LOQ.
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Figure 3-19 Comparison of measured concentrations of clopyralid with those seduly the
model framework using MACRO
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For MCPA (Figure 3-20), the model could not simulate peaks for most of the simulation
period; the exception was for 26@607when the model simulated well both the maghét

and the timing of emission that took place from May to beginning of July 2007; however,
the model missed peaks during the rest of the summer period. Some simulated peaks during
the late autumn and winter 2006 were not detected in the measured samdpties @est of

the simulated peaks were below the limit of detection and disagreed with the timing of the

measured data.

—MACRO

35 | e Measured data

Concentration of MCPA ( m/l)
N

Date

Figure 3-20 Comparison of measured concentrations of MCPA with those simulatduk byotlel
framework using MACRO.
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3.5 Discussion

3.5.1 Development of the modelling framework

Coupling fate models consists in combining more than one model in order to address
limitations of individual models by setting a modelling framew(tku et al., 2013Li et

al., 2007 Yakirevich et al., 1998Rabbani and Warner, 199Kool et al., 1994 In this

study a modelling framework was developed by combining a series of hydrological and fate
models in an attempt tsimulate various sources of water flow and their associated
pesticide losses in the Wensum catchment. Sources of water flow that were thought to be
important contributors to the Wensum included tile drainpgecolation river baseflow

and runoff from bth developed and arable areas; other inflow and outflow sources (such as
water abstraction, irrigation and sewage discharge) were assumed to have little impact or

the hydrograph.

3.5.1.1 Tile draining andpercolationsimulation

MACRO was the core model of the fin@work since preferential flow was known to be an
important contributor to hydrology and pesticide loss in the catchment. The initial
uncalibrated simulation from MACRO also suggested that the most important input to the
river network is tile drainage. Al 57% of the soils in the catchment are clay loams with
artificial drainage systems. Nsurfacerunoff water was predicted by MACRO for the
Wensum which showed that the tile drainage systems might be working properly since the
infiltration capacity of thesoil was not exceeded during the simulation period. From this
result, it was expected thatirfacerunoff generated from the crop lands would be small. A
similar behaviour was observed for a modelling study using MACRO in an agricultural
field with heavyclay soils and artificial drainage systems in Oxfordshire,(B&sien et al.,
1997; during the simulation period the model did not presticturfacerunoff and the
observed data showed that drain flow accounted for 98% of the total flow (drain flow +

runoff) demonstrating thaurfacerunoff was a minor process in the area.

The uncalibrated flow from MACRO represented 86% of the observed fitw the
simulation period (2006° 2011). A match in the flow was only obtained for the
hydrological year 2006 with a small ovestimation of 0.6% due to high ovestimation of

the flow in January 2007. Flow undestimation was the main issue throughatloe
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remainder of the simulation and this was thought to come for other sources of flow such as

from surfacerunoff from developed areas and crop land.

3.5.1.2 Runoff from developed areas

Surface runoff generated from rainfall was considered the only signicamte of water

flow from developed areas to the river network. It was assumed that 50% of the rainfall
would enter the river system by surface runoff which agrees with findings from runoff
studies in urban landscapes. For exampkgaki et al. (20])1reported that impermeable
paving covers in urban areas can generate between 40 and 83% surface runoff from a given
rainfall event. This source of flow only adde® ®f the observed flow to simulation but the
major impact was observed in the shape of the simulated hydrograph from MACRO. The
predicted smooth behaviour of the flow was transformed to a noisier curve in agreement

with the timing and magnitude of the psahk the observed hydrograph.
3.5.1.3 Groundwater mixing model

An important aspect of flow estimation is the calculation and incorporation of the baseflow
component to the hydrograph. Baseflow is primarily generated from groundwater discharge
into the river netwde which depends on regional hydrological conditions. A simple
groundwater mixing model was developed to simulate the baseflow in the Wensum
catchment and the transfer of pesticide that could reach the groundwater by leaching. The
model performs a complet@ater mass balance of the simulated water and pesticide
recharge from MACRO and the estimated groundwater volume which is considered in the
model as a tank with the base area of the catchment and 3m deep. An outflow factor of 1%
discharge from the groundveast to the river was estimated by model calibration. The
recession periods were generally well simulated at the beginning of the low flow periods but
a poor baseflow recovery was obtained at the end of these periods. An asymmetric
behaviour of the baseflowas observed at the end of the low flow periods for every
hydrological year causing undestimation of the flow at these times.

Tediosi et al. (2013also sed a coupled model using MACRO and a simple groundwater
model to simulate the water flow in a 1R&?’ catchment located in central England. The
groundwater model was developed based on a variation of the saturated th{Rkrstgsn

and Youngs, 200Qusing typical values of hydraulic conductivity and specific yield for the
study area. According to the authors, this approach showed a good representation of the
recession periods in the hydrographs and the simulation of the water flow which increased
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model efficiency from 0.02 to 0.56 and the hydrograph was only affected by-under
estimation of the flow at periods of snow presence and low precipitation. In theatprese
study, despite inaccuracies in the simulation of the flow recovery at the end-tibvow
periods, the incorporation of the baseflow component to the uncalibrated flow from
MACRO (including the runoff from developed areas) increased model efficienmoy-3a5

to 0.35 for the overall simulation period. Model efficiency for both periods of great and low
flow also changed from negative to positive values (0.11 and 0.20, respectively). In
addition, the GW model had a regulation effect in the flow by swantly reducing the
overestimation of the flow during 2006, from 7.2 to 1.9% of the observed flow, slightly
reducing the flow for 2002010 and increasing the flow for the rest of the hydrological

years.
3.5.1.4 Runoff simulation using RZWQM

RZWQM was used to siatate overland flow and the associated pesticide loss in the
Wensum catchment. Runoff is calculated in the model as the difference between rainfall anc
infiltration/macropore flow by using the Grééhmpt equati on for i nfi
equation dung redistribution. A poor simulation of the runoff was obtained for the
Wensum catchment which did not match the timing of the observed flow. In addition,
runoff from each soil association was predicted to occur in the same amount and on the
same days wimetemperature was close or below to zero (i.e. when the model assumes that
the soil surface is frozen). Other studies have found poor runoff simulation using RZWQM.
For instanceGhidey et al. (1999related bad results to deficiencies in the simulation of
cracks in the model for clay soils which could not be modifiddlone et al. (2004
reviewed the use of RZWQM for pesticide modelling and attributed the negative results
from Ghidey et al. (1990to bad parameterization by the user instead of a model limitation.
Studies have found that flow predictions from RZWQM canirbproved by simulating
macropores and after calibration of macroporosity param@eisish et al., 199Kuma

et al., 1998 Singh et al., 1996 particularly, for runoff simulatioffMalone et al., 2004

Singh et al., 1996 Malone et al. (2004 simulated metribuzin transport in runoff and
percolation in two fields nedfrankfort, Kentucky (USA) using RZWQM and compared
results for the three different sorption models included in RZWQM. Metribuzin runoff was
simulated within a factor of two after calibration of the macropore radius and the crusted
saturated hydraulic condtivity using the equilibriurkinetic sorption models in RZWQM

but pesticide percolation was undestimated by more than an order of magnitude with any
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sorption mode(Malone et al., 2004 In the present study, an equilibritkimetic sorption
approach was used for all pesticides but surface soil crusting (typical frohusut to
semtarid tropic regions) was not modelled since this phenomena is not likelscto on

clay and loam soils in the UK. However, no calibration of the macroporosity was attempted
since none real runoff events were simulated for the different soil associations with the
initial parameterization and the most likely explanation contirtoeble that runoff in the

area is minimal due to the presence of tile drains.
3.5.1.5 Runoff simulation using PRZM

A second attempt to investigate the occurrence of runoff in the Wensum was carried out
using PRZM. The US EPA uses PRZM to estimate pesticide logaesunoff from
agricultural fields. The model has been used in several st{gaenhorst et al., 2009
Young and Carleton, 2006lrevisan et al.,, 20Q0Brown et al., 1996 Mueller, 1994
Nicholls, 1994 Loague, 1992Loague et al., 1989d.oague et al., 1989Carsel et al.,
1989 providing both satisfactory and inaccurate res@isung and Carleton, 2006
Trevisan et al., 20Q00Loague, 1992 Banton and Villeneuve, 1989 The uncalibrated
simulation using PRZM showed a good agreement in the timing of the peaks with the
observed data but a great oestimation of the flow by up to a factor of 9. Intense
calibration of the curve numbers resulted in unrealistic values for thdased crops and
hydrological conditions in the catchment. In addition, no significant improvements to the
simulation of flow from MACRO were obtained. Consequently, the model was not included
in the framework and runoff was concluded to be minimal baseth® simulation from
MACRO. However, the model framework MACRBRZM has shown a good potential for
describing runoff and drain flow in catchments where drain flow and runoff are important
but calibration of the curve numbers in PRZM might be necessatgckte differences

between USA and European conditions due to the use of an empirical model.
3.5.1.6 MACRO calibration

Calibration of MACRO was carried out to improve the simulated hydrograph at the end of
low flow periods. Calibration of soil and crop paramet®es necessary to allow a more

rapid increase of soil moisture at the end of low flow periods. The root depth and the root
distribution were selected based on reported parameters but then changed to reduce
evapotranspiration. Water transpired through leas@ses from the roots so plants with

deep reaching roots can transpire water more constantly. Other authors calibrated crop and
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soil parameters to improve the hydrology of the simulation (Besien, 1997; Cameira, 2005).
Cameria (2005) observed a decreasénsimulation error of 17 and 20% by adjusting LAI

and root parameters. The authors stated that root extraction and evapotranspiration whicl
correspond to the sink term in the Richart
the simulation of soilmoisture profiles. The macropore parameters such as ZN and
ASCALE were calibrated in the model. A sensitivity analysis for MACRO showed apart
from degradation and sorption input data, parameters related to the soil structure such as ZI
have great impactrothe hydrology of the modéDubus et al., 2003aThese parameters
initially received values based on the description of the soil structure but were then changed
within the ranges found in the literatuieulke et al., 2002b

Model calibration increased the sifated flow for all the hydrological years. The calibrated
flow represented 97.4% of the observed flow in the catchment and improved model
efficiency for most of them as well as for the overall simulation (fEom0.35 toE = 0.43).
Improvements in both @rall low and high flow periods were also achieved. Negative
impacts on model efficiency were only observed for 20067and 20162011, particularly

for the high flow period and overall simulation of 262@07, due to an increase in the over
estimation ofthe flow from 1.9 to 12.5% compared to the observed flow, and fdothe

flow period in 20162011 Model calibration slightly improved the behaviour of the 4ow
flow periods but disagreements in the hydrograph shape and-estdaation of the flow
were sill observed.

The River Wensum has a groundwater dominated flow regime coming from the chalk
aquifer. The river has a high baseflow index varying from 0.82 to 0.73 from the top of the
catchment at Fakenham to downstream at Costessey, respe(@gatyet al., 2006 this
means that between 82 and 73% of the flow arises from the underlying aquifer. The
modified flow regime (not natural) is consequential of the field drainage systems and other
modifications of the drainage schemes (such ety and pumped drainage). The
maximum flow is usually reached in March and April. Periods of low flows in the
catchment are a consequence of low autumn precipitations, aquifer recharge during autumi
as well as minimal discharges during the summer. @iffe authors have attributed
disagreements in water flow simulation from MACRO during low flow periods to-over
estimation of the evapotranspiratibhediosi et &, 2013 Roulier and Jarvis, 200Besien

et al., 199). Besien et al(1997 found that the oveestimation of evapotranspiration
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causes the model to miss small drain discharges when there is low rainfall after long dry

periods in the early spring; this generates errors in thelaim of the drain flow as well

as failure to simulate pesticide peaks. It is possible that the same phenomena could be
affecting the hydrograph by delaying the normal increase of soil moisture at the end of low

flow periods when small drain flow and lominfall events are the main sources of flow

recovery. This possibility is assessed further in Chapter 4 (Sectidnt.5
3.5.2 Pesticide simulation

The modelling framework used the fieddale model MACRO and assumed that the
catchment system could be simeldtas the sum of multiple fiektales processes; this has
also been assumed in other stud{®enaud et al., 20Q8Lindahl et al., 2006 The
developed modelling framework was concentrated on the simulation of pesticide emissions
from field drains since pesticide transport from fiegtured soils takes place principally

via preferential flow pathway@eulke et al., 2001aHarris and Catt, 199Besien et al.,

1997, Johnson et al., 199®rown et al., 1995aBrown et al., 1995pHaria et al., 1994

Harris et al., 1994 Modelling results showed field drains to be the most important emission
pathway to surface water in the Wensum catchment since ttel mimmulated most of the
emission peaks. Other studies in the UK have also found drain flow to be the most
important emission pathway in different areas of the England when tile drainage is present
(Tediosi et al., 2013Tediosi et al., 201,2Besien et al., 1997Johnson et al., 1996For
instance,Johnson et al. (1996ound that between 75 and 90% of the total isoproturon loss
from a field in Oxfordshire, UK was removed via artificial drains, even when following best
management practices in the application; in contrast, pesticide loss by runoff only
accounted for 0.7% of the total loss.

In contrast,Holvoet et al. (2007bconsidered that Hstream processes (e.g. microbial
activity, dissolved oxygen concentration, pH, sedimentatiorsuspension) have a
significant impact on modellm pesticide at the agtimentscale.This was addressed by
combining the watershed model SWAArnold et al., 1998with a modified version of the

river water quity model RWQMZ1(Reichert et al., 20Q1to studythe fate of pesticide in

the river Nil in Belgium and provide a better description of the river processes. However, in
the present study, the modelling framework was able to satisfactorily simulate water flow
from a relatively big catchment like the Wensand predict reasonably well the pattern of

pesticide concentrations even though the framework ignorstleam processes.
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Modelling results for pesticide concentrations varied between pesticides. The calibrated
model generally provided reasonable ofrdemagnitude simulations of pesticide
concentrations and a good simulation of the timing of the peaks. Pesticide concentrations
occurring in the early autumn were generally missed by the model because flow was under
estimated at the end of the low flow jpels. Better simulations were observed for
pesticides that are normally applied in late autumn such as chlorotoluron, mecoprop,
carbetamide and propyzamide. These pesticides are mainly applied to a single cror
therefore uncertainty in their usage pattgfires application date and amount) is small. For
instance, chlorotoluron is exclusively applied as a preearly postemergence herbicide to
winter cereals to control annual grasses and broad leaved (&®8Bs 2012 In addition,

the relatively large degratian rate (59 days) means that differences in the application date
will have relatively little impact on the timing and magnitude of emission peaks simulated
by MACRO.

Propyzamide and carbetamide showed a good agreement between the pattern of th
simulatel concentrations with the measured data but with some disagreements in the
magnitude of the peaks. The simulation for carbetamide showed-estil@ation of the
pesticide concentrations by up to one order of magnitude. Propyzamide showed both under
and ower-estimation of the peaks for some hydrological years. These herbicides are mainly
applied to winter OSR but carbetamide may also be applied to brassicas, field beans an
fodder crops and propyzamide to field beans, fruit, amenity vegetation and forestry;
however, these crops are not significantly present in the Wensum. In OSR, these pesticide
are mainly used to control broadleaved weeds and blackgrass resistant to other herbicide
(CSF, 2012 Pesticide application takes place from October to the end of r§anua
depending on soil moisture and temperature. Good soil moisture and low temperatures
(equal to or less than 8°C) are needed to allow the herbicides to penetrate the top layers c
the soil profile and persist for a longer time. Farmers need to chedkef@appropriate soll
conditions before the applicatiofHGCA, 2014. The relatively wide widow of time for
application and the specific environmental conditions required mean that the use of a
uniform and fixed application date would generate uncertainty that will mainly affect the
magnitude of the peaks. However, the uncertainty in the apphcdate appeared to have a
greater impact on the simulation of carbetamide than propyzamide losses. The moderatel
large soil sorption of propyzamide (292 ml/g) and Hi&f (47 days) allow the pesticide to

bind strongly to soils and persist for a longene. In contrast, carbetamide has both a
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smaller soil sorption (89 ml/g) and hdife (10.9 days) so if there is a delay between
application date and a storm flow event, upelimation can occur due to pesticide
degradation.Boithias et al. (2014 showed that the effect of the uncertainty in the
application date on pesticide simulations would depend on pesticide specific factors

including sorption and degtation.

Application date is a major source of uncertainty in the simulation of pesticide emissions
(Boithias et al., 2014Gericke et al., 20L0Holvoet et al., 2005Dubus et al., 2003b
Pesticide labels only provide guidance of the crop stage athvithe herbicide can be
applied. Therefore, most model users estimate this parameter from field studies or from
typical application date@sericke et al., 2000 However, field studies give only a sksipot

of pesticide usage under the environmental conditions at that time. Pesticide application
dates vary from year to year and depend on many factors such as farmers, weather and land
use conditions(Gericke et al.,, 203,0Campbell, 2004 Commission of the European
Communities, 1999 On the other hand, undergoing laiggmle surveys with farmers would

not always provide sufficient and accurate information about pesticide usage at a daily time
step in a catchmer(Boithias et al., 2011 however, this information can be useful to
identify application patternsuch as preferred dataad times for applicatiorf-or instance,

a surve on peficide usage with farmers in the SK grid tile of the UK found that most of

the farmers tend to apply pesticides on Sundays or during the eyabAg, 2005.

Mecoprop simulatin showed a good agreement in the magnitude of the peaks but with
discrepancies in the timing of the events particularly for emissions observed during spring.
Mecoprop has a complex usage pattern since it is applied to a variety of crops including
cereals,grassland and amenity grass/laW@SF, 2012 Therefore, it is unlikely that the
regional pesticide usage statistics give a sufficiently accurate representation of its use within
the catchment. Mecoprop is mainly applied during autumn and spring. Springo@siiss
could be due to application to grassland which was not included in the model. In addition,
since 2009 this herbicide was withdrawn from single use in cereals during autumn and
winter so only a cdormulated product could be applied during this perids change in

usage would have reduced emissions from cereals in autumn and increased emissions from
grassland since reduction in the application amount was observed in the statistics by
DEFRA (2009 and was also mentioned by t68F (2012 report.
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Boithias et al. (2014studied the impact of uncertainty in application date on pesticide
concentration patterns for two contrasting -pmeergence herbicides (metdtir and
aclonifen) in a 1,11¢4m? agricultural watershed in souttestern France using SWAT
(Arnold et al., 1998 Improvements in pesticide simulation were found by adjustieg
application date; however, in some cases improvements were not good enough whict
suggested that other sources of uncertainty could have also affected the simulations. Th
authors suggested that uncertainty in pesticide usage could be included a6 thart o
calibration process (i.e. application date and amount) when modelling pesticide emissions a
the catchmentscale(Boithias et al., 2014

Poor simulatios were observed for springnd summenpplied compounds, which is the
case for clopyralid and MCPA when the peaks were completely missed or disagreement in
their timing was observed. The complex usage pattern of these herbicides is difficult to
simulate. Clopyralid is applied to a wide range of crops including cereals, grassland,
amenity grass/lawns, OSR, brassicas and maize to control broadleaved weeds and MCPA |
used on cereals, grassland and amenity grass/(@8f, 2012 These poseémergence
herbicides se mainly applied during spring when weeds start to grow. In the model, two
and three application dates during the crop year were simulated for clopyralid and MCPA,
respectively; however, since these herbicides can be applied during a very wide window of
time and it is not possible to predict when weeds would grow, the uncertainty generated by
the use of fixed application dates can greatly affect the simulation. Different authors have
suggested supplying application date input as a probability distributidate models
(Gevaert et al., 200&8olvoet et al., 2005Lindahl et al., 200p However, this approach

also requires knowledge of the distribution of application dates along the catchment. On the
other handGericke et al. (2000used phenological data for different crops collected by the
German weather services since 1951 along with climate data to estimate application dates i
Germany and the Czech Republic; satisfactory results were obtained when ogmpari
estimated to actual application dates. This approach can provide a broader amount o
information to estimate application dates but the methodology requires further development

and validation under different environmental conditions.

The quality of the manitoring data is an important part of the evaluation of both river
guality evaluation and modelling resu(tsolvoet et al., 2007bDubus et al., 20032003,

Addiscott et al., 1995 Model evaluation was in some cases affected by the resolution of the
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measured pesticide concentrations. Some important emissions predicted by the models
could not be evaluated due to the absence of monitoring data for those days. Monitoring
frequency varies within hydrological years and a large proportion of none detesisns
observed for most herbicides. For instance in the Wensum, between September 2006 and
November 2011, 453 samples were analysed for chlorotoluron from which only 79
detections were observed; however, during this period MACRO predicted 660 days with
emissions on days when samples were not takdére CSF monitoring programme has a

high sampling frequencfan average of one sample every four days) this information is

useful to analyse pesticide trends and to undertake model evaluation; however, gnodellin
results show that thenonitoring programme can be improveay applying a variable
sampling frequency during the yeak report from theCSF (2012 explains that the
monitoring design has been based on the major crop types present in the datuiunen
highlights that a large proportion of the analysed pesticides are not detected in the samples.
This report highlights that predicting the likelihood of occurrence of pesticide is a complex
task that is influenced by many factors such as pesticigepres, soil types, and pesticide
usage and drainage systef@SF, 2012 Pesticide fate modelling takes into account all
these factors and helps avoid bias and speculative methodologies. Fate models have been
shown to be a useful tool to improve the desighef monitoring programme in the CSF

(e.g. by focusing samplingpllectionon days whepesticides are more likely to be present)

and can be easily incorporated into the programme without a big financial investment.

Based on the available monitoring datad modelling results, discrepancies in pesticide
simulations showed that the modelling framework by its own cannot be used to fill the gaps
between measured monitoring data. Different sources of uncertainty could be causing
disagreements in pesticide sila@tions which need to be studied in order to understand the
behaviour of modelling outputs. Data filling is a difficult aspect of fate modelling due to the
impact of model error and sources of uncertainty. Uncertainty analysis is undertaken in

Chapter 4 tadentify both the sources of uncertainty and their impact in the simulation.

3.6 Conclusion

A modelling framework was developed to simulate the main sources of water flow
contributing to the river network in the Wensum catchment and their associated pesticide
emissions. This framework included the preferential flow model MACRO to simulate drain

flow and leaching, an approach to estimate the runoff from developed areas and baseflow
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from a simple groundwater mixing model. The approach used to estimate rumoff fro
developing areas provided a good agreement in the timing and magnitude of the peaks witt
the observed hydrograph. The groundwater mixing model was able to simulate the recessiol
periods at the beginning of leflow periods but discrepancies in the reswitere observed

in the recovery of the flow at the end of these periods throughout the simulation. This type
of discrepancy is reported very frequently in the literature. RZWQM and PRZM were tested
in the framework to evaluate their capacity to simulateffuin the catchment. RZWQM

was unable to simulate the runoff and PRZM showed better model performance after
intensive calibration of the curve numbers but no significant improvement when added to
the hydrology simulation from MACRO. In addition, modeaijiresults from MACRO and
information from the area suggested that runoff was not an important contributor to the
water flow so the runoff simulation was not included in the model framework. Field drains
were shown to be the most important source of wber &s well as of pesticide loss via
preferential flow in the catchment. Despite discrepancies in the baseflow simulation at the
end of low flow periods, the modelling framework showed a fairly good performance in the
simulation of the water flow at the tchment outlet after calibration of crop root and
macropore related parameters. However, less accurate results were obtained for thi

simulation of pesticide concentrations.

Large variation in the simulation of pesticide concentrations was observed between
pesticides. The model showed a better performance for pesticide losses coming fram pre
early postemergence herbicides normally applied during autumn because of their less
complex usage patterns (i.e. pesticides applied mainly to one crop such asotiriam,
carbetamide and propyzamide). Restergence herbicides usually applied during spring
and summer could not be accurately simulated by the model which is very likely to be due
to complex usage patterns and uncertainty in the application dat@pe$teide modelling
results generally showed good simulation of the pattern and a reasonableoforder
magnitude match to pesticide concentrations at the catchment outlet; however, simulatec
pesticide concentrations were not accurate enough to fill the lgetpeeen measured
monitoring data due to discrepancies either in the timing or magnitude of some of the peak
emissions. Different sources of uncertainty should be analysed to understand discrepancie
in model outputs. The next step will be to compare mimgetesults against a catchment
scale model to study the impact due to the spatial distribution of soils in the catchment and

from the incorporation of a river network in the results. So far, modelling results for a
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relatively big catchment like the Wemaushowed that the fate of pesticides at the
catchment level was mainly driven by fieddale processes;-siream processes were less
important as reasonable simulations were obtained by a modelling framework that ignored
these processes. The present stddgnonstrated that fielscale models can be used to
describe the hydrology and understand the dynamics ofpaiort source pollution by

pesticide at the catchment level.

Modelling resultsshowed that thenonitoring programme currently in place as parthef

CSF could be improved when used in combination with models. A variable monitoring
frequency focused on days when pesticides are more likely to be present would be a better
approach to avoid missing pesticide peaks important for the evaluation ofgthet iai the

programme.
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4 Modelling pesticides in the Wensum catchment using
SPIDER

4.1 Introduction

Modelling the fate of pesticides at tlsatchmeniscaleis an important tool for pesticide
management. It provides a bigger picture of what occurs with pestiaidéhe catchment

level that could then be used to evaluate pesticide usage and management practices. On
catchmentscalethe simulation of pesticide fate involves modelling spatially distributed
hydrological processes and pesticide losses over an eatglkement. Spatially distributed
characteristics include climate, soil type, surfgosundwater interactions, land use, slope,

pesticidesoil interactions and pesticide usage.

Catchmentscale models such us SWATArnold et al., 1998 and AnnAGNPS(USDA

ARS, 2006 have shown good results in modelling pesticide runoff at#tehmentscale

but the description of tile drainage is oversimplified. SPIDER (simulating pesticides in
ditches to assess ecological risk) israf@rential flow model that simulates hydrological
flow and pesticide fate at the fiettale or at small catchment lev@&enaud et al., 2003

The model promes high flexibility to represent the spatial variability of the catchment. For
example, SPIDER simulation of the flow in the ditch is simpler that in a river network in a
catchment. In contrast to fiektale models like MACRO, SPIDER enables spatial
varnability in the catchment to simulate the effect of the transport and sorption of pesticides

in the river network.

The increasing demand for the use of modelling to target management issues has also lec
to an increased need for assessing the impact efrtantty on the simulationd.arsbo and
Jarvis, 2005Dubus et al., 2003tDubus and Brown, 200Z5ohrabi et al., 2002Dubus et

al., 200). Physicallybased hydrologic and pesticide transport modetpiire a large
amount of input data from the study area that are not always known with cef&ohtgabi

et al., 2002 Sources of uncertainty in the input parameters usually involve the inherent
uncertainty in the physical measurements or the use of average data that do not describe tt
spatial variabiliy of the study area. These uncertainties are responsible for reducing the
predictive capacity of the simulation causing errors in the output(datn et al., 1995b

In addition, different sources of uncertainty can magnify the overall undgrtainthe
outputs (Zhang et al, 1993).
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Despite the importance of uncertainty analyses, very few modelling studies include them in
their results. In addition, there is no agreed established procedure for these analyses; authors
use a range of different meiths. The most widely used method is the Monte Carlo analysis
(Cibin et al., 2014 Xie andLian, 2013 Migliaccio and Chaubey, 200&hen et al., 2008
Shirmohammadi et al.,008 Yang et al., 2008Carbone et al., 2002Dubus and Brown,

2002 Pollock et al., 2002Sohrabi et al., 2002VarrerrHicks et al., 2002Trevisan et al.,

2001, Ma et al.,, 2000 Zacharias et al., 199%outter and Musy1998 Soutter and
Pannatier, 199@\ofziger et al., 1994Zhang et al., 1993which is aprobabilistic approach

that requires an understanding of the distribution of the different input parameters in the
area of study. Other techniques of uncertainty analysis used in fate modelling include
differential analysigDiaz-Diaz et al., 1999Freissinet et al., 199%.i et al., 1998 Loague

et al.,, 1996 Loague and Green, 1991Fourier amplitude sensitivity te§Fontaine et al.,

1992, and fuzzy logic(Freissinet et al., 199%reissinet, 1998 Pesticide fate modelling

using SPIDER and MACRO in thistudy included key uncertainties in the input data to
study the effect approaches and assumptions used to simplify the modelling process of a

complex system such as the Wensum catchment.

4.1.1 Aim and objectives

The aim of this chapter was to investigate furtllee processes controlling pesticide
contamination of surface water in the Wensum by application of a distributed catchment
model and comparison to the fieddale simulations presented in Chapter 3. The specific

objectives to meet this aim were to:

1. Geneate a catchment modelling methodology using SPIDER and evaluate the
simulations using measured data from the catchment

2. Compare the simulated water flow and pesticide losses from SPIDER with the ones
obtained using MACRO in Chapter 3 in order to study tifeerénces in the
simulations between models

3. Incorporate key sources of uncertainty in the input parameters to assess their effect
in model simulations

4. Evaluate whether the models can be used to study the progress of the Catchment

Sensitive Farming programe in reducing pesticide emissions
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4.2 Background information

4.2.1 SPIDER model

The SPIDER modesimulatespesticide loss into surface water from the most important
routes of pesticide entry which are spraiftddrain flow, surface runofénd interlayer flow
(lateral transport within the soil profilélRenaud et al., 2008The catchment is described in

the model as a series of fields and ditch/stream blocks interdednaccording to the
possible pesticide entry pathways which may be specified by the user. The model enable:
the representation of the spatial variability of the catchntlbatuser can provide the model
with a maximum of 99 fields and streams for any geef time. Each field will have its

own soil properties, pesticide application and crop definition. Likewise, each ditch/stream in
the model should be provided with its individual dimension and hydrological parameters. In
order to simulate pesticide trgwst in the soil profile in SPIDER, the soil porosity is
divided into two pore domains using a similar approach to MACRO, but simplified to
enable a reasonable simulation time at an hourly resolution and with dieidlapproach,

and alsoto simplify the parameterisation process. The soil is divided into macropores and
micropores allowing preferential flow to occur above drains. Vertical and lateral movement
of water is triggered by soil moisture exceeding field capacity and the water balance (all in

mm) at an hourly time stefpis calculated fronEquationd-1.
Equation41l — — Y 5 Oi OY®G O 00 O YO

where g is the soil water conten&s, and Ir are the amount of rainfall and irrigation,
respectivelyETais actual evapotranspiratioR,is percolation .M is lateral movement)
is drainage, andRu is runoff. And the general equation of the soil pesticide balance to

calculate the pesticide load (all in mg) for each layer is giveladuation4d-2.

Equation4-2 0 Qi o W Qi 6000 00 "YOO 'YO ©Oi 0 0"0d

WherePestLis the pesticide load in the laydl, is the load from either application or a
layer abovePL is load from percolatior§SDL s the pesticide egraded in the soiRL is the

load from runoff,DrL is load from drainage, andFL is load from lateral flowWhen a
pesticide is simulated to be transferred from a field into a ditch/stream, it is then transported
with water flow into consecutive ditches to the end of the final ditch outlet using the

Muskingum method. Simulation results are provided on an hourly basis so a detailed
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description of pesticide loss is available for the users from a reasonable set of input data

requirements and relativeljrart simulation timgRenaud et al., 2008

4.3 Methodology

SPIDER was used to simulate the fate of six pesticides in the Wensum catchment. A
detailed description fothe study area is presented in Chapter 3. The details about the
modelling methodology and model evaluation are provided below. Simulated pesticides
included carbetamide, chlorotoluron, clopyralid, mecoprop and MCPA. Information about
their chemical prop@ies and usage in the catchment are presented in Chapter 3.

Simulations were carried out separately for each pesticide for a particular crop.

4.3.1 Conceptual model

The Wensum catchment was described in SPIDER as follows. The river network was
divided into 24 sections and the catchment area into 44 fields according to their soil
association and their location relative to the river sectidfigufe 4-1). To simplify
simulations, small fields with the same soil type that laydrologically connected to the
same river section were combined as one field. The resulting SPIDER conceptual model for
the catchment is shown Figure4-2. Since Isleham association consists of peaty soils wi

high moisture content, located on the floodplain and banks of the river network only grass is
usually cultivated in this area and for these reasons no pesticide application was included in
these fields. Hence, in order to simplify the complexity of imdel, Isleham soils were
described in the model as two square fields, one was hydrologically connected to the River
Wensum and the River Tudrigure 4-2 fields 26 and 44, respectively). Fields and
ditch/stream blocksvere connected according to the flow direction. Field connecting
arrows were set to the main hydrological connections in the catchment: drain flow, runoff
and lateral flow. The slope for each field was calculated from a digital elevation model
(METI and NASA, 2011 using the highest and the lowest altitude in the proximity of the
river. Slopes ranged between 0.4 and’.3Held areas were represented in the model as
rectangles; their length and width dimensions were established by measuring the field
length parallel to the river; then, the block width was calculated from this value along with
the field area. The groundwater mixing model was also applied to include the baseflow
component in the hydrograph following the same procedure undertaken in thed mo
framework using MACRO (Chapter 3) and a daily output factor of 1%.
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Figure 4-1 Division of the Wensum catchment into 44 fields and 24 ditch/streams segments

i %g’eun Field 2 I

Figure 4-2 Conceptual model for the Wensum catchment
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4.3.2 Model parameterization

4.3.2.1 Soil parameters

Soil properties used in the SPIDER model were the same as those selected for MACRO
(Section3.3.6.). Additional soil parameters used in SPIDER are showiiable4-1 and
Table4-2. The boundary water tension (TenMac) for all the soils was the same as used for
the topsoil horizon in MMCRO (Table4-1). The groundwater recharge at the bottom of the
soil profile was set to the values calibrated within MACRO for the different soil types
(Table4-1). The satrated vertical and lateral hydraulic conductivities of the soil as well as
the hydraulic conductivity at field capacity were set to be calculated by the pedotransfer
functions in SPIDER. Pedotransfer functions used by SPIDER are those repoEedrisy

et al. (1999.

Table 4-1 Field parameters used in SPIDER model

Soil TenMac' Rechargé
association (cm) (mm/h)
Barrow 12.0 0.470
Beccles 18.0 0.0098
Burlingham 15.0 0.00326
Newport 10.0 0.585
Isleham 12.0 0.177

TenMac: Tension of soil water at which macropore flow is initiatBeécharge: Groundwater recharge at the
bottom of the soil profile
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Table 4-2 Additional soil parameters used in SPIDER mdgHlllett et al. 1995.

. Van Van
Soll Depth Fleld. Genuchten Genuchten
association (cm) capacny n a
(unitless) . .
(unitless)  (unitless)
Barrow
A 30 0.257 1.32 0.0841
B 55 0.301 1.28 0.0768
B o 95 0.410 1.20 0.0504
BC 150 0.358 1.21 0.0454
Beccles
A 25 0.360 1.25 0.0590
E 45 0.314 1.24 0.0601
B 70 0.388 1.21 0.0450
BC 150 0.350 1.20 0.0421
Burlingham
A 30 0.345 1.25 0.0576
E 50 0.320 1.24 0.0600
B 75 0.348 1.22 0.0510
B o 100 0.338 1.22 0.0530
BC 150 0.311 1.22 0.0543
Newport
A 25 0.251 1.35 0.0927
B 55 0.190 1.44 0.124
BC 100 0.194 1.44 0.125
C 150 0.131 1.57 0.158
Isleham
A 30 0.385 1.29 0.0819
E 50 0.157 1.50 0.139
B 75 0.140 1.52 0.143
C 150 0.131 1.56 0.158

4.3.2.2 Pesticide parameters

Pesticide parameters aagplication rates were the same as used in MACRO simulations
(Section3.3.6.3. Pesticide application was evenly distributed across the fields and adjusted
to take into account the proportion of crop treated witspecific pesticide in the Eastern
region using the values presented in ChapterT&blé 3-11). Apart from pesticide

degradation in the soil, SPIDER also simulates degradation in the river network so
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degradatiorvalues in water and sediment must be supplied to the mbaleled-3). These

are the dominant degradation processes. All pesticides are stable to hydrolysis at pH 7
except for carbetamide that has a hydrolysié-lfe of 19 days Table 4-4); even though
chlorotoluron and MCPA have short photolysis Hié#f values, this is not an important
degradation route under UK solar radiation conditions. Freundlich coefficients for
clopyralid and MCPA had to be adjusted to avoid sorption conflicts in the model because
the original values were very small; these coefficients were increased to 0.85 in the model.
The Freundlich sorption coefficient for the sediment for each pesticidealeulated from

the K,c and an organic carbon content of 3%.

Table 4-3 Pesticide degradation values in water and sediment and original and adjusted Freundlich
coefficients in SPIDER

DTx D.T5° Freundlich Fre.u.ndllch
L sediment . coefficient used
Pesticide water coefficient .
(days) in SPIDER
(days) ) 0
Carbetamide 9.1 55.5 0.926 0.926
Chlorotoluron 42 352 0.9 0.9
Clopyralid 148 1000* 0.761 0.85
MCPA 135 17 0.68 0.85
Mecoprop 37 50 0.9 0.9
Propyzamide 21 94 0.9 0.9

AERU (2007, *Netherton and Brown (20]0

Table 4-4 Photolysis and hydrolysis degradation values for the pestiGid&RU, 2007.

Photolysis Hydroly sis
Pesticide DTspatpH7 DTgoat pH 7

(days) (days)
Carbetamide Stable 19
Chlorotoluron 0.12 Stable
Clopyralid 271 Stable
MCPA 0.05 Stable
Mecoprop 44 Stable
Propyzamide 41 Stable
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4.3.2.3 Crop parameters

In the same way as in MACRO simulations, cereals and oilseed rape were the crop
simulated in SPIDER. The parameters used in the model are preseitdulad-5. These

crops were evenly distributed in the model field blocks (i.e. for each pesticide simulation all
the field blocks in the modlevere assumed to have the same crop) and in cases when a
pesticide is applied to more than one crop, only the main crop was simulated but including
the pesticide application to all additional crops.

Table 4-5 Crop parameters used in SPIDEFOCUS, 2000

Winter cereals Oilseed rape

Emergence date 21 Oct 7 Sep
End of slow growth (min. leaf area index) 1 Mar 31 Mar
Date maximum cover reached 10 May 10 Apr
Maturation date (max. leaf area index) 15 Jun 20 Apr
Harvest date 31 Jul 10 Jul
Max. root depth (mm) 700 700
Min. root depth (mm) 50 50
Min. leaf area index 1 1
Max. leaf area index 5 4
Leaf area index at harvest 1 2
Min. fraction cover 0.2 0.1
Max. fraction cover 0.95 0.9
Fraction cover at harvest 0.7 0.3
Shape factor that controls the rate of increase of dezd 20 20
between emergence and max. leaf area (CFORM) ' '
Shape factor that controls the rate of increase of leaf 07 0.2
between max. leaf area and harvest (DFORM) ' '
Reference evapotranspiration at min. leaf area index* 0.7 0.5
Reference evapotrariggtion at mature* 1.15 1.15
Reference evapotranspiration at harvest* 0.5 0.5

* Allen (1998

4.3.2.4 Ditch/stream parameters

Ditch/stream blocks in the model represented the river network in the catchment. In the
model the ner network was divided into 24 ditch/stream blocks with lengths ranging

between 680 and 8,194 m. The divisions were made at the points of confluence or where th
river was longer than 8 km in order to reduce the number of fields going to the same ditch
block and to allow normal water movement; too long ditches can end in causing high flow

rates. River slope calculations were also made using a DEM of the cataivtieritand
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NASA, 2011] by calculating the elevation at the top and at the end of thesaation. The

ditch top width at the top of the catchment was estimated to be 3 m and 15 m at the
catchment outlet; for the rest of the ditch blocks this parameter was incrementally adjusted.

The ditch base widths were estimated to be 1 m less than thedibp The river depth was

set to 1 m at the top of the catchment and then gradually increased to 4 m at the catchment

outl et . The Manningbés n value was set to 0.03
natural main strearChow, 195 and t he MusKki ngxwastksstto®ei ghti ng
for a medium attenuation effect in the channel flood routitygnge, 1969 The saturated

hydraulic conductivity of the sediment layer was 0.5 mm/h and the sediment bulk density,

0.8 g/cni. Sediment thickness was initially set to 3 mm but then was calibrated to a value of

1 mm b reduce pesticide sorption to the sediment.

4.3.3 Model evaluation

The hydrological response of the model was visually evaluated against the simulated water
flow for the Wensum catchment by comparing graphs for the simulation period {2006
2011). Statisticakvaluation of the water flow simulation was also carried out by plotting
the residuals and calculating the NiaShtcliffe model efficiency coefficients for each

hydrological year and for the entire simulation period.

As previously mentioned in Chaptert®urly rainfall data for 2006 2007 were estimated
from daily rainfall data for Mannington Hall (a station near the catchment) since no data
were available from Norwich Airport for this twgear period. Thus, model efficiency was
also included for the prd 2008i 2011 to evaluate model performance for the water flow
simulation during years with less uncertainty in the rainfall data. A water balance for the

water flow from SPIDER was also carried out in the evaluation.

Simulated pesticide concentratiors fall of the simulated pesticides were also visually
evaluated by plotting concentration graphs for the simulation period and comparing with the
measured data. Measured data for days when no pesticide was detected were shown in the
graphs as the LOQ valueOQ values for the simulated pesticides are presented in Chapter

3 (Table 3-17). Due to the nature of the two data series, one discrete and the other

continuous data, goodnestfit and model efficiency were natalculated, instead an
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evaluation of the magnitude and timings of the simulated pesticide concentration was

carried out for each simulation.

4.3.4 Model calibration

Model calibration was applied to SPIDER in order to improve the simulation of the water
flow by adjusting the water balance to increase the predicted flow in the river network (i.e.
increasing percolation and drain flow volumes and reducing evapotranspirdadig 4-6

shows the changes in crop and soitapaeters applied for each step of the calibration.
Model calibration comprised changes in recharge and evapotranspiration parameters
Recharge values in SPIDER were estimated as the maximum predicted daily recharge fron
MACRO. MACRO predicted a smaller wad for Burlingham than for Beccles even though
both soils have similar textures and infiltration behaviour. For this reason, the calibrated
recharge value for Burlingham was set to the value estimated by MACRO for Beccles. In
addition, evapotranspirationalues were reduced according to ranges reportedllen

(1998 since the soiin the Wensum is prone to freezingring the winter. Finally, the
output factor from the GW model was adjusted for a better simulationeofettession
periods, by reducing its hourly value by 0.05% each time until an optimal value of model
efficiency was obtained for the simulation period with less uncertainty in the rainfall data
(20081 2011). The calibrated daily output factor was 0.35%.

Table 4-6 Uncalibrated and calibrated parameters (including the initial attempted calibration and the
final calibrated parameters) used in SPIDER

Parameters Uncalibrated Calibrated
Reference evapotranspiratiat min. leaf area index* 0.7 0.4
Reference evapotranspiration at mature* 1.15 1.0
Reference evapotranspiration at harvest* 0.5 0.3
Burlingham recharge (is) 0.00326 0.0098
Daily outflow factor for the GW model 1% 0.35%

*Allen (1999
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4.3.5 Comparison between SPIDER and MACRO simulations

The calibrated water flow simulations from SPIDER and MACRO were visually compared
from their hydrographs and quantitatively assessed by comparing model efficiency values
for each hydrological year and for the entire simulation period. Graphs showing pesticide
concentrations simulated by SPIDER and MACRO and the measured concentrations were
generated for all the pesticides to evaluate model performance. Simulated maximum
concentration values for the pesticides were also evaluated against the maximum measured
data. These comparisons were made for the whole simulation period and for each
hydrological year to evaluate the performance of both models at predicting pesticide
maximumconcentrations in the catchment. As SPIDER predicts hourly pesticide emissions
and measured data were reported on a daily basis without specifying the time at which the
sample was collected, both hourly and daily average simulated maximum concentrations

from SPIDER were evaluated.

The same methodology applied to calculate pesticide loads for MACRO was used for
SPIDER Equation3-5). Additional assumptions were made to calculate pesticide loads on
days when the pestde concentration was reported to be below the limit of quantification
(LOQ). A limit value of 0.00Ing/l was used to define the minimum pesticide concentration
that was taken into account for the calculations. This value is 20% of the smallest LOQ
repored for the studied pesticides (i.e. a LOQ of 0.0@d for propyzamide). Then, the

assumptions made for calculating the loads for these days were:

1) For days when the models (SPIDER or MACRO) simulated a pesticide concentration
below a value of 0.00hy/l, the measured and the simulated concentrations were
assumed to be zero. It was considered that if pesticide was neither detected in the
sample nor simulated by the models, it is very unlikely that pesticide was actually
present in the water.

2) For days whenither of the models simulated a concentration between the LOQ and
0.001ny/l, the measured concentration was assumed to be 25% of the LOQ. This means
that if one of the models predicts a pesticide concentration above the set limit of 0.001
ng/l but it is not analytically quantified in the samples, there is reasonable prigbabili

that the pesticide was present in the water at a concentration smaller than the LOQ.
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Daily simulated loads were first calculated and then added together to estimate the annua
simulated load from SPIDER and MACRO for each hydrological year for thedp20@6i
2011.

4.3.6 Uncertainty analysis for SPIDER and MACRO simulation in the Wensum
catchment

Model performance in the simulation of pesticide concentrations can be affected by several
sources of uncertainty in the input parameters. Main sources of ungeftaithe present

study are thought to come from the use of average input parameters insteasdite

field data for pesticide sorption and degradation as well as average and uniform pesticide
usage along the catchment and typical applicationsddiiee impact of uncertainty in the

measured rainfall data on the simulatias also investigated.
4.3.6.1 Uncertainty in the rainfall data

There are different types of rain gauge systems including tipping bucket systems, weighing
systems and optical systems. Mo§them consist of a circular collector (where the sample

is taken) and a funnel that channels the collected sampled into a measuring mechanism ¢
into a reservoir where it can be measured manually. For many yedsK theteorological

Office (201Q has used the tippirlgucket rain gauge for the automatic recording of rainfall
rates. This mechanism tips each time thatmm of rainfall accumulation occurs. Like any
other measurement, rainfall data from rgauges have a level of uncertainty. Studies have
shown that uncertainties from tipphbgicket gauges depend mainly on precipitation
intensity(Wang et al., 2008Ciach, 2003Nystuen et al., 199Gnd timescaléWang et al.,

2008 Ciach, 2003 Ciach (2003 estimated errors in rainfall data using tippimgcket rain
gauges for different timescales applying +paranetric regression tools; for hourly
recordings and rainfall intensities similar to the observed in Norwich Airport a standard
error of 10% was obtained. The effect of this uncertainty in model outputs was investigated

by applying simulations with +10% ofthe measured rainfall data.
4.3.6.2 Uncertainty in the pesticide application date

Although, there are typical application dates reported for pesticides, actual application can
vary depending on several factors such as the weather, recommendations in pesticid
applcation and different crop types that it can be applied to. For this reason an uncertainty
analysis into the effect of the use of typical application dates in the model was assesset

using the simulation of carbetamide. Carbetamide is a-gostgence herbide with
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residual action usually applied to oilseed rape from the middle of October until the end of
February. The recommendation is not to apply if heavy rain is expected within 48 hours and
if drains are flowing or are about to flow. Therefore, SPIDER MACRO were run

varying the application date in intervals of 5 days following these recommendations by

looking at rainfall patterns during the crop season.
4.3.6.3 Uncertainty in pesticide sorption and degradation parameters

The effect on pesticide simulationsied to uncertainties in the use of average reported
pesticide sorption and degradation values was also evaluated by running different
simulations for carbetamide and comparing with the original simulation. An evaluation of
the extreme parameters was carreed by running four simulations combining maximum

and minimum sorption and degradation valuksh{e4-7).

Table 4-7 Minimum and maximum sorption and degradation galused in the mod6AERU,
2007).

Koc DTsin soll

(ml/g) (days)
Minimum 59.5 4.02
Maximum 118.2 28.9

4.3.7 Analysis of pesticide trends in the catchment

In order to evaluate the trends of pesticide losses and the progress of the Catchment
Sensitive Farming programme in the Wensum catchment, the calculated pesticide loads for
all pesticides using SPIDER and MACRO were used as well as the estimated observed
loads obtained by linear interpolation (Sect#d.3.4. The percentage of reduction in the
loads was calculated between hydrological years and for the entire simulation period.
Increases and reductions in peises loads were shown as positive and negative values,

respectively.

Neither of the models applied in the present study are able to simulate the effect of best
management practices that the CSF programme have been conducting in the Wensum since
2006. Tke models that were applied can only respond to the inherent properties of the
catchment (land use and soils), pesticide usage and weather conditions. Therefore, if the
level of reduction (or increase) in pesticide load predicted by the models is comparable

the level of reduction (or increase) in the observed data, then that reduction (or increase) can
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be explained based simply on either a reduction (or increase) in pesticide usage or the effec
of weather and flow. However, if differences are observadden load simulations and

observed emissions other effects such as BMPs might explain the changes.

4.4 Results

4.4.1 Model evaluation

4.4.1.1 Water flow

The uncalibrated water flow simulation for SPIDER including the use of the groundwater
mixing model is compared to theeasured flow irFigure 4-3. The hydrograph generally
showed a good agreement in the pattern of the peaks witkestimgrations in flow usually
occurring during periods of greatest flow (e.g. in 22007, and unér-estimations at low

flow periods. Disagreements in the flow were considered to be important when a factor of 2
was exceeded. A period of large oestimation of the flow occurred from September to
the end of November 2006, up to a factor of 3.5. In 260W overestimation was also
observed particularly in January and June 2007 when two very large flow events on Januar)
10" and June 282007 were oveestimated by factor of 3.3 and 3.0, respectively. Under
estimation was observed for some of the datgflow peaks in hydrological years 2008
2009 20092010and 20162011 However, undeestimation during lowflow periods has
shown to be the main issue in the simulation, particularly in the simulation of flow recession
and recovery (i.e. at the begingimnd end of lowlow periods, respectively). The
simulation of the baseflow greatly disagreed with the response of the observed hydrograph
abrupt changes of flow were simulated at beginning and end efld@wperiods which

differs to the more gentle baWour of the baseflow.
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Figure 4-3 Comparison between measured flow and uncalibrated simulation by SPIDER
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Table 4 8 shows the simulated and measured flow values for each hydrological year and for
the sirmulation period. The uncalibrated simulation accounted for 82.5% of the observed
flow with variation between years. Undestimation of the flow was simulated for most of

the hydrological years; the exception was for 20067 where ovefestimation of theldow

was obtained in 35%. Hydrological years 2&u®9 and 20162011 showed the largest

underestimations of the flow in 49.8 and 34.3%, respectively.

Table 4-8 Observed watevolume and simulated from SPIDERy¢luding the baseflow from the
GW model andhe percentagy simulated of the observed volurinem each hydrological year and
the entire simulation period.

Uncalibrated Calibrated
_ sPiDER+ oW spipER+ 0@
Hydrological Observed simulated simulated
3 GW GW
year (10° m’) (16F ) (% of the A0 ) (% of the
observed) observed)
20061 2007 190.5 257.6 135.2 260.9 137.0
20077 2008 198.1 148.2 74.8 177.5 89.6
20081 2009 168.0 84.3 50.2 115.9 69.0
2009i 2010 150.9 116.7 77.3 138.7 91.9
20107 2011 1400 92.0 65.7 113.1 80.8
200671 2011 847.5 698.8 82.5 806.0 95.1

The NashkSutcliffe model efficiency coefficientse] were calculated to evaluate the
simulation of the water flow by SPIDER values were calculated for each hydrological
year, for high (INovemberi 30 April) and lowflow periods (1 Mayi 31 October) as well

as for the entire simulation (20062011) and the period with the lowest uncertainty in the
rainfall data (2008 2011) Table 4-9). Model peformance varied between hydrological
years; positiveE values were observed for 20@008 20092010 20102011 and the
simulation period 2008 2011 but their values was small. Negati/ealues were observed

for the hydrological years 20e8)07, 20082008 and for the entire simulation period (2006

1 2011). The negative efficiency value for the entire simulation was mainly due to a poor
simulation of the flow in 200@007. Model performance for the period 2002011 € =

0.23) was better than for the estisimulation 2006 2011 g = -0.02) since less over
estimation of the flow was obtained due to the better quality of the rainfall data. On the
other hand,E values for periods ohigh-flow were generally better than fdow-flow
periods but most olhemwere negative. The best hiflow simulation was in 2002008

with a positive valueE = 0.27) which was also the best simulated hydrological year (
0.35).
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Table 4-9 NashSutcliffe model efficiency coeffieints for the uncalibrated and calibrated water
flow.

Uncalibrated flow Calibrated flow

E highflow  E low-flow E highfiow = O

. E each ) . E each ) flow
Hydrological hydrological period period hydrological period period
year 1 Novi 30 1 Mayi 31 1 Novi 30 .
year Apr Oct year Apr 1 May1
31 Oct

20061 2007 -0.73 -1.86 -0.38 -1.41 -2.14 -1.51
20071 2008 0.35 0.27 -1.79 0.59 0.51 -0.39
200871 2009 -0.22 -0.98 -4.21 0.22 -0.39 0.13
20091 2010 0.33 -0.30 -1.38 0.15 -0.79 -0.24
20107 2011 0.15 -0.21 -6.14 0.2 -0.35 -2.46
20067 2011 -0.02 -0.51 -0.10 -0.09 -0.53 -0.29
20081 2011 0.23 -0.17 -1.11 0.36 -0.12 0.04

The residuals plot iffigure4-4 showed large negative values for days when the flow was
greatly overegimated by the model in January and June 2007 and December 2009 which
resulted in nofrandom patterns of consecutive negative points.-fdodom patterns in the
residuals, with a thape, were also observed during periods of low flow as a consequence
of the underestimation of the flow at the beginning and end of these periods.
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Figure 4-4 Comparison of the residuals from the uncalibrated and calibrated simulations using
SPIDER
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A mass balance of the uncabibed water flow from SPIDER was carried out to assess
which routes could be causing undstimation of the water flow. These results can then be
used to decide which parameters should be adjusted in the model calibfatéed-10

shows the water balance for the fiyear period (2006 2011). The total rainfall for this
simulation period was 3,958 mm. Evapotranspiration was to be the most important sink
term in the undeestimation of the flow. Therefore, evaptspiration coefficients for the

crop should be reconsidered. In addition, percolation from Burlingham was small compared
to Beccles although both soil associations have similar hydrological properties; this

suggested that the recharge value for Burlinglshould be adjusted.

Table 4-10 Mass balance of the uncalibrated water flow from each soil association using SPIDER

Water budget Barrow Newport Burlingham Beccles Isleham

(mm)
Drain flow 0 0 1,014 834 0
Pecolation 1,276 1,397 171 329 438
Evapotranspiratior 2,425 2,390 2,434 2,456 2,521
Interlayer flow 1 116 42 14 988
Soil water storage 106 306 65 36 351
Total 3,808 4,210 3,727 3,669 4,298

4.4.1.2 Model calibration

Model calibration was carried out by modifg the evapotranspiration coefficients for each
crop stage and the recharge value for Burlingham to reduce flow-esti@ation.Table

4-11 shows the water balance for the calibrated simulation. Evapotranspiegattbisoil

water storage showed a reduction in their values; particularly evapotranspiration was
reduced by almost 200 mm for all the soils. This resulted in an increase in percolation from

all soils; percolation for Burlingham was comparable to Beccles.

Table 4-11 Mass balance of the calibrated water flow from each soil association using SPIDER

Water budget

(mm) Barrow Newport Burlingham Beccles Isleham
Drain flow 0 0 911 995 0
Percolation 1,461 1,686 488 358 478
Evapotranspiration 2,238 2,208 2,244 2,262 2,325
Interlayer flow 1 16 44 16 1,147
Soil water storage 85 295 70 15 335
Total 3,786 4,206 3,756 3,646 4,286
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The outflow factor from the GW model was calibrated by systematically reducing its value
in 0.05% increments from 1% until the optimal value of 0.35% was deterFimere 4-5
compares the calibrated and uncalibrated simulation of the flow. Model calibration
increased the simulated flow in the catchmeumtlet particularly during lovilow periods.
However, the more constant behaviour of the flow during periods of low flow disagreed in
the recession and recovery behaviour of the measured flow. In addition, the calibrated
simulation could not predict soméd the large flow peaks that were also missed by the
uncalibrated simulation such as those occurring in August 2008, January 2009, March 2009,
January 2010, April 2010 and February 2011. @Gstimation of the flow also affected the
simulation particularhyduring periods of great flow in 20062007 and in November 2010.

For example, for the high flow peaks on January, May 29" and June 282007 with

initial over-estimation of the flow by factors of 3.3, 2.7 and 3.1, respectively, increased to
3.5, 6.6and 3.5, respectively. In addition, the simulation of the peak on NovemBer 12
2010 before model calibration was satisfactorily simulated but after calibration was over

estimated by a factor of 1.9.

Model calibration increased the simulated flow for #matire period in 12.6% which
accounts for 95% of the observed flow (Tabid8¥ The largest increased in the flow was
observed in 2002009in 18.8%; however, this year continues to have the largest-under
estimation of the flow in 31%. The ovestimationof the flow in 20062007 only increased

in 1.8% compared to the uncalibrated simulation.

Model calibration did not improved model efficiency for the entire simulation period (2006
T 2011) but no significant changes were observ@édble 4-9). Model efficiency for the
period 2008 2011 did show improvement after model calibration from 0.23 to 0.36. Model
efficiency values for most of the hydrological years were better after calibration; the
exceptions were for 200B007and 20092010due to disagreements due to eestimation

of the flow and bad simulation of the leflew periods, respectively. The simulation of the
high-flow periods did not showed significant ingmements after calibration, exdefor
20072008 which increased its model performance and also continued to be the best
simulated hydrological yeaE(= 0.59). Model efficiency for periods ¢dw flow showed

better results after calibration even though most of the values continued to be negative;
however,two positive coefficients were obtained for 268809 and the simulation period
2008i 2011.
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The plot of the residuals for the calibrated and uncalibrated simulations showed a decreas
in the undefestimation of the flow throughout the simulatidfigure 4-4). An increase in

the large negative numbers due to flow eestimation was observed in 202607 and
20092010

4.4.2 Pesticide concentrations simulated by SPIDER

The simulated pesticide concentrations at the catahioutlet using SPIDER are compared
with the measured data Higure 4-6 to Figure 4-11, organized in order of application
during the crop season. The patterns and timirigdl pesticide simulations generally have

a good match to the measured pattern over the whole simulation period with some
differences in the magnitude and timing of the peaks.
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Figure 4-5 Comparison othe uncalibrated andatibrated simulation of the water flow using SPID#&h the observed flow in the Wensum catchment
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Good simulations were achieved for chlorotoluron and mecoprop concentr&igue 4-6

ard Figure 4-7, respectively). Pesticide concentrations for chlorotoluron showed a good
simulation in the pattern, timing and magnitude of the peaks, particularly in2000%
20092010 and20102011 where most ohe peaks matched the observed concentrations
(Figure4-6); the exception was the large observed emission on NovemB&026 which

was missed by the model. Large undstimations in the concentrations were obserin
20082009 (up to a factor of 5.7) including the maximum observed concentration on
December 19 2009 where the model matched the timing but wedémated the
concentration by one order of magnitude. The model also missed a peak measured ol
March 18" 2008 (which was also the only observed concentration during that year).
Emission peaks occurring in November"28006 and January 162010 seemed to have
been missed by measurements since no sampling was carried out on those days but previo
and later peaks did match the measured data. For peaks occurring in May and June 2007
no evaluation can be carried out since no samples were taken in those months to compat
with.
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Figure 4-6 Comparison of meased concentrations of chlorotoluron with those simulated by
SPIDER
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Mecoprop simulations using SPIDER matched the order of magnitude of the peaks and the
patterns of the concentrations for some hydrological years at the catchmentFagtie (

4-7). Discrepancies were mainly observed in the timing of events. SPIDER did not simulate
peaks occurring during spring and summer periods in 2007, 2008 and 2009; instead
simulated concentrations during winter periods fosthgears. Good matches in the timing

and magnitude of some of the simulated peaks were observed in November 2006, December
2007, March to April 2008, November to December 2008 and Octolbéviember 2010.
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Figure 4-7 Comparison of measured concentrations of mecoprop with those simulated by SPIDER

Simulations for carbetamide and propyzamide showed a good simulation of the pattern and
timing of the peaks but undestimation of measured concentrations waoiesl for some
hydrological years Rigure 4-8 and Figure 4-9, respectively). Undeestimation in the
concentrations occurred by up to one order of magnitude for bothigestin hydrological

years 2007, 2008 and 2009; except for the peak on MaftR@B for propyzamide which
matched the measured data. A good simulation of the magnitude of the peaks for both
herbicides was observed in hydrological years ZB0®&7 and 20D-2011 Similarly to
chlorotoluron, the simulated concentrations for propyzamide occurring in May and June

2007 could not be evaluated since no samples were taken in those periods.
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Figure 4-8 Comparison ofmeasured concentrations of carbetamide with those simulated by
SPIDER
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Figure 4-9 Comparison of measured concentrations of propyzamide with those simulated by
SPIDER
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Most of the monitoring data for clopyichwere below the LOQ; only a few detections were
observed during the simulation period (16 detections out of 480 samipigsied-10). A

few peaks were also simulated, most of them in the same order of magartddgreed

with the timing of the observed data. Ovestimation in the concentrations was observed in
20062007 by up to a factor of 3.1. The observed concentrations in May 2008 and June
2011 were simulated well by the model in both timing and magnitudderestimation in

pesticide concentrations was observed in 28080and 20162011
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Figure 4-10 Comparison of measured concentrations for clopyralid with those simulated by
SPIDER
A poor simulation wasbserved for MCPAKigure4-11), the model only simulated peaks
for the hydrological year 2006 but missed the emissions observed for the rest of the
simulation period. Large concentrations were simulated in -2008, with an apparent
overestimation of up tmne ordemnf magnitude for the simulatgueakon June 26 2007
however, this peak could not be evaluated since no measured data were available to
compare with for the exact day\ good simulationwas only observedfor the peak

occurring onMay 29" 2007 by a factor of .8,
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Figure 4-11 Comparison of measured concentrations of MCPA with those simulated by SPIDER

4.4.3 Comparison between SPIDER and MACRO simulations
4.4.3.1 Water flow

Water flow simulations from MACRO and SPIDER including the use of the GW model are
compared to the measured flowHigure4-12. Both models showed good simulation of the
pattern of the water flow. Howey, there was a trend for both models to eesgtimate flow
during periods of greatest flow and unéstimate concentrations during periods of low
flow. For the hydrological year 20e8)07, more ovetestimation was observed for SPIDER
than for MACRO, partularly, for the three large flow peaks predicted by SPIDER in May
and June 2007 where MACRO only slightly oestimated peak flow and uneestimated

the others. Similarly oveestimation of the flow by SPIDER was also observed for
December 2010 and 20iwhereas MACRO undastimated peak flow. For both models
the level of undeestimation throughout the simulation was more significant issue than
over-estimation, particularly during lolow periods. A better simulation of the recession
periods was achied for MACRO while the simulated flow from SPIDER was significantly
smaller than the observed flow. In contrast, during periods of flow recovery (i.e. at the end

of low-flow periods) MACRO took more time to increase the flow than SPIDER.
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Figure 4-12 Comparison of the measured and simulated water flow (calibrated simulations) by SPIDER and MACRO
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The simulated flow for each hydrological year and for the simulation period is shown in
Table 4-12. The models had very similar estimation of the flow for the entire simulated
period (95.1 and 97.4% for SPIDER and MACRO, respectively). In addition the simulated
flow showed similar behaviour for the hydrological years betwaedels. For both models,
2008 was the hydrological year with most undstimation of the flow followed by 2010;
and flow was oveestimated in 2006 in both simulations. In general, MACRO was closer in

the simulation of the observed water flow than SFRDE

Table 4-12 Observed watevolume and simulated from SPIDER including the baseflow from the
GW model andhe percentage simulated of the observeldime from each hydrological year and
the entire simulatioperiod.

SPIDER MACRO

. Simulated , Total Simulated . Total
Hydrological Observed flow simulated flow simulated
year (10°md) ) (% of the At (% of the
observed) observed)

20061 2007 190.5 260.9 137.0 214.3 112.5

20071 2008 198.1 1775 89.6 1953 98.6

20081 2009 168.0 115.9 69.0 136.1 81.0

20097 2010 150.9 138.7 91.9 152.0 100.7

201071 2011 140.0 113.1 80.8 127.6 91.1

200671 2011 847.5 806.0 95.1 825.4 97.4

The residuals for both models showed similar patterns, particularly in-greheduring
periods of low flow Figure 4-13). Differences in the behaviour of the residuals were
observed for periods of ovwestimation of the flow from SPIDER, reflected in the residuals
with consecutive large nega residuals (e.g. January and June 2007 and December 2009).
In contrast, positive residuals for MACRO showed periods of uestmation of the flow

due to the delay in flow recovery in this model at the end offlow periods.
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Figure 4-13 Comparison of the water flow residuals from SPIDER and MACRO

The calculated NasButcliffe model efficiency coefficients for the water flow simulations
from both models are shown in Tablel8. Best coefficients wereegerally achieved for
MACRO. MACRO achieved positive efficiency values for all hydrological years and for
most of thehigh-flow periods, except for 2008007 and 20082009 SPIDER showed
negative coefficients for 2068007 and for the simulation period (@61 2011) and for
most of thehigh-flow periods, except for 2007 when a fairly good simulation was achieved
(E = 0.51). The best simulated year for SPIDER was 2008 and for MACRO was
20092010 while the worst simulation for both models was in 2@0687. Periods oflow

flow had similar results between models; most of the coefficients were negative and the
same positive efficiency value was obtained for 2@8& (0.13). The exceptions were for
the simulation periods 20062011 and 2008 2011 where thenodels obtained opposite
results; MACRO obtained a positive value for the first coefficient and SPIDER for the
latter.

Periods oflow flow had similar results between models; most of the coefficients were
negative and the same positive efficiency value wltsined for 2008 = 0.13). The
exceptions were for the simulation periods 200811 and 2008 2011 where the models
obtained opposite results; MACRO obtained a positive value for the first ceeffand
SPIDER for the latter.
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4. Modelling pesticides in the Wensum catchment using SPIDER

Table 4-13 NashSutcliffe model efficiency coefficients for each hydrological year of the calibrated
flow simulations from SPIDER and MACRO as well as for the periods of high and low flow, for the
overall simulation (2006 2007)and for the period of less rainfall uncertainty (2008)11)

Hydrological year High-flow period Low-flow period
1 Nov- 30 Apr 1 May - 31 Oct

SPIDER MACRO SPIDER MACRO SPIDER MACRO
20061 2007 -1.41 0.02 -2.14 -0.54 -1.51 -0.73
20071 2008 0.59 0.63 0.51 0.73 -0.39 -0.77
20081 2009 0.22 0.33 -0.39 -0.001 0.13 0.13
20091 2010 0.15 0.72 -0.79 0.47 -0.24 -0.67
201071 2011 0.22 0.39 -0.35 0.12 -2.46 -4.93
200671 2011 -0.09 0.43 -0.53 0.23 -0.29 0.28
20081 2011 0.36 0.60 -0.12 0.42 0.04 -0.25

4.4.3.2 Pesticide concentrations

Comparisons between simulations of pesticide concentration from SPIDER and MACRO
with the measured data are presenteignre4-14 to Figure4-19. Most of the simulations
showed that the models were able to simulate the overall pattern of pesticide emission at th

catchment outlet, except for pesticides appliegndgusummer and spring periods.
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4. Modelling pesticides in the Wensum catchment using SPIDER

Both models achieved good simulations of pesticidecentrations for chlorotoluron and
mecoprop Figure4-14 and Figure 4-15, respectively). For chlorotoluron, MACRO tended

to considerably oveestimate concentrations for stoof the years by up to one order of
magnitude whereas SPIDER had a better match in the magnitude of the peaks, for example,
for peaks on February 982010 and January $32011. In addition, SPIDER simulated
chlorotoluron peaks earlier than MACRO; SPBREgenerally simulated peaks from
November but MACRO from December, except for 2006 when both models simulated
peaks at the same time.
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Figure 4-14 Comparison of measured concentrations of chlorotoluron thitise simulated by
SPIDER and MACRO
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4. Modelling pesticides in the Wensum catchment using SPIDER

For mecopropKigure4-15), SPIDER also simulated a larger number of peaks starting from
November while for MACRO emissions varied between hydrological years; in 2006
emissons started from the end of November, in 2007 from the middle of January and for
the rest of the years from February. In addition, emission peaks from MACRO lasted longer
than those from SPIDER. Simulations also showed differences in the timing of thee peak
both models did not simulate emissions occurring in spring and summer periods such as ir
April and beginning of autumn 2007, April and May 2008 and July to August 2009.
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Figure 4-15 Comparison of measuredncentrations of mecoprop with those simulated by SPIDER
and MACRQ
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4. Modelling pesticides in the Wensum catchment using SPIDER

In the case of carbetamide and propyzamkgure 4-16 and Figure 4-17, respectively),

both modelsgenerally undeestimated pesticide concentrations by the same order of
magnitude. The exception for carbetamide was in November 2006 when SPIDER simulated
a large peak that was closer to the maximum concentration observed for this year. In
addition, SPIDR again simulated earlier peaks usually from the beginning of November
while MACRO from the end of December. Better simulations for carbetamide were
observed using SPIDER than MACRO, especiall2@932010 and20162011 where a

good match in the patterm@timing of the peaks was obtained.
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Figure 4-16 Comparison of measured concentrations of carbetamide with those simulated by
SPIDER and MACRO

194



4. Modelling pesticides in the Wensum catchment using SPIDER

Underestimation in propyzamide concentrations was maingeoked for SPIDER between
2007-2008and20102011 by one order of magnitudeigure4-17); except for 2002007

when SPIDER simulated concentrations by the same order of magnitude than the measure
data. MACRO greidy overestimated the concentrations in 268@)7 but was able to
predict single emissions in January 2008 and 2011 and March 2010 but missed and undet
estimated autumn and winter peaks, respectively. SPIDER showed a better match in the siz
of the peaksccurring in January 2007. MACRO did not simulate any concentration for
May and June 2007 when SPIDER simulated peaks that could not be evaluated since n

monitoring was carried out in that month.
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Figure 4-17 Comparison of measured concentrations of propyzamide with those simulated by
SPIDER and MACRO
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4. Modelling pesticides in the Wensum catchment using SPIDER

For clopyralid Figure4-18), SPIDER achieved better simulations and was able to simulate
most of the observed pes while MACRO only simulated two small peaks above the LOQ
that were not reflected in the measured data and one below the LOQ.
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Figure 4-18 Comparison of measured concentrations of clopyralid with thosdated by SPIDER
and MACRQ
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4. Modelling pesticides in the Wensum catchment using SPIDER

Simulations for MCPA Figure 4-19) from both models generally showed disagreement
with the measured concentrations throughout the simulation that were also different
between models.he exception was for the hydrological year 2@007when both models
showed good prediction in the timing of the detectable concentrations. MACRO showed
better agreement in the magnitude of the peaks in-2008 than SPIDER; particularly for
outlier on June B" 2007 that SPIDERapparently overestimated byone orderof
magnitude. For the rest of the simulation both models were not able to simulate the timing
of the peaks.
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Figure 4-19 Comparison of meased concentrations of MCPA with those simulated by SPIDER
and MACRO.
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4. Modelling pesticides in the Wensum catchment using SPIDER

4.4.3.3 Maximum concentrations of pesticides

Figure 4-20 shows a comparison of simulated and measured maximum concentration of
pesticides for the emé period (2006 2011). SPIDER simulations are presented as hourly
and average daily maximum values to illustrate their differences since the model predicts
hourly concentration. Simulations for the maximum concentrations varied between models
and pestiades. SPIDER showed better results than MACRO, usually within a factor of two
for most of the pesticides. SPIDER achieved good predictbnsaximum concentrations

for carbetamide, chlorotoluropnMCPA, mecoprop and propyzamide estimating within
factors ofl.1 (hourly), 1.1 (daily)1.4 (daily),1.5 (daily) and 1.3 (daily). Both average daily
and hourly data showed good results, with slightly better matches for average daily
concentrations. MACRO only achieved a good prediction within a factor of two for
memprop (1.3) and clopyralid (1.5); estimates were within factors ofakdt 2.1 for

chlorotoluron angbropyzamide, respectively.
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Figure 4-20 Simulated and measured maximum concentrations for the entired p200D62011
using SPIDER and MACRO. SPIDER simulations are presented as hourly (SPIDER hourly) and
average daily maximum values (SPIDER daily).
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4. Modelling pesticides in the Wensum catchment using SPIDER

Simulated and observed maximum concentrations are compared for all pesticides with
SPIDER and MACRO irrigure4-21 andFigure4-22, respectively. Graphs include the 1:1

fit line, with the best simulations being closest to this line. The models did not achieve good
simulations of any pesticide for all hydrological years. Most of the maximum
concentrations are scattered around the 1:1 line. The exceptions were for carbetamide whel
systematic undeestimation of the maximum concentrations was obtained with both
models; conversely,of mecoprop and chlorotoluron, systematic esstimation of the
concentrations was observed for most of the years using both SPIDER and MACRO. The
simulation for MCPAmostlydisagrees with the observed data for both models since there is
no relationship btween the observed and the predicted valh@sever, MACRO achieved

a perfect matched of the maximum concentration in ZI. In the case of SPIDER, the

best simulations were for two years for chlorotoluron, two years for carbetamide and one
year forclopyralid. For MACRO, good simulations of the maximum concentrations were
obtained for most of the hydrological years for mecoprop and one hydrological year for
chlorotoluron carbetamide and MCRA
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Figure 4-21 Annual maximum concentration for six pesticides simulated by SPIDER plotted on a
log-log scale against measured maximum concentrations, together with the 1:1 line
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Figure 4-22 Annual maximum concenttian for six pesticides simulated by MACRO plotted on a
log-log scale against measured maximum concentrations, together with the 1:1 line.

4.4.3.4 Pesticide loads

Graphs of simulated against observed loads were used to evaluate the annual load
simulations from SE)ER and MACRO for each hydrological year between 2006 and 2011,
including the 1:1 line as well as lines for differences by factors of 2 aniidurg 4-23 and

Figure 4-24, respectively). A good simulation was considered to be one differing by a factor
equal or less than two compared to the observed load. There were no pesticides where the
load simulations completely agreed for all hydrological years with the measured load;
however, most of the loads were simulated within a factor of 10. The exceptions were for
MCPA, propyzamide and clopyralid whelbetween one and thréwydrological years were
greatly undelestimated by both models. The best load simulations within a fattevo

using SPIDER were observed for mecoprop (three hydrological years) and chlorotoluron
(two years). In the case of MACRO, the best loads simulations were achieved for mecoprop

(three years), propyzamide (two years) and carbetamide (two years).
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Figure 4-23 Annual pesticide load for six pesticides simulated by SPIDER plotted orlag@gale
against observed loads, together with the 1:1 (black line), factor of 2 (blue line) and factor of 10
lines.
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Figure 4-24 Annual pesticide load for six pesticides simulated by MACRO plotted on-bdpg
scale against observed loads, together with the 1:1 (black line), factor of 2 (blue line) and factor of
10 lines.
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4. Modelling pesticides in the Wensum catchment using SPIDER

4.4.4 Uncertainty analysis for SPIDER and MACRO simulations

Results to assess the effect of uncertainties on SPIDER and MACRO simulations due to key
input parameters are shown below.

4.4.4.1 Uncertainty in the rainfall data

The effect of uncertainties in rainfall measureitsem the simulation of water volume from
SPIDER and MACRO was evaluated by running simulations with rainfall data increased
and reduced by 10%-igure4-25). The observed water volume for each hydrological year
ard for the simulation period 20062011 was usually bounded by the simulations from the
two rainfall datasets for both models in terms of the total water volume for each
hydrological year. The exceptions were for hydrological years-2008 and 20162011

when both models and only SPIDER, respectively, wedémated the flow even after
increasing the rainfall data by 10%. The main issue on the original simulation from both
models was undegstimation of the water volume; however, when increasing the bilpow
10% the simulation ovesstimated observed flow by 11.9 and 12.3% for SPIDER and
MACRO, respectively. The 10% increment in the rainfall caused an increase in flow of 23.9
and 14.9% for SPIDER and MACRO, respectively, showing that SPIDER is more sensitiv
to rainfall than MACRO.
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Figure 4-25 Effect of the uncertainty in the rainfall data on the simulated water from SPIDER and
MACRO including error bars for the simulations using rainfall data increasecdnded by 10%.
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The simulated flow for both rainfall datasets was also plotted to compare simulations with
the observed dat&igure4-26 andFigure4-27). The measured tiawere often bounded by
both simulations but some periods of unrdand overestimation were still observed.
Uncertainty in the rainfall data has a big impact in the simulation of the water flow for the
two models in both highand lowflow periods but te greatest relative change during storm
flow events when increasing the rainfall by 10%. A big impact was observed for the end of
low-flow periods from MACRO; a great improvement was observed by increasing the
rainfall data by 10% since the model predictedne of the peaks that were not simulated in
the calibrated model. A similar behaviour was observed from SPIDER but the impact was
smaller than for MACRO during loflow periods. In addition, the difference in flow
recovery between both rainfall datasetss approximately 15 days for SPIDER, but almost
one month for MACRO.
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Figure 4-26 Effect on the simulated water flow when decreasing and increasing the rainfall data byl@0&d + 10%, respectivelyking SPIDER
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Figure 4-27 Effect on the simulated water flow when decreasing and increasing the rainfall data by @@¥d(+ 10%, respectively) using MACRO
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4.4.4.2 Uncertainty in the application date

Simulatiors for carbetamide concentrations showed a consistent -aatieration of
observed behaviour by both models. Carbetamide has a shelitehaifsoil (10.9 days) so

any small difference between the application date used in the model and the real day can
lead to under or overestimation of the concentrationBigure 4-28 shows the effect of
varying the application date on the simulated shape and size for two peaks in January and
March 2011. The maximum measured camtcation for this period was 0.18%/I, and the
simulated peaks varied between a concentration <r@0Xor an application on February

27" and 0.252y/! for January 1%.
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Figure 4-28 Effect of the uncertainty due to pesticide applmatdate on the simulation of the
emissions for carbetamide using SPIDER for the crop year 2010.
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Carbetamide is mainly applied in Novemi§€SF, 2012 so the variation in the simulation

of maximum concentration and pesticide loads for different applicatias @htring this
month predicted by both models is shownTiable 4-14. A similar behaviour for the
maximum concentration was observed for both models. The maximum concentration was
obtained when applying pesticides November 18, SPIDER simulated higher maximum
concentrations of carbetamide than MACRO; most of them were within a factor of two
compared to the measured data. MACRO only simulated two maximum concentrations
within a factor of two on November $5nd 30". However, for the observed loads both
models simulated values within a factor of two for most of the application dates in

November.

Table 4-14 Simulated maximum concentrations and loads using MACRO atoESPfor different
application dates in November together with the observed data. Highlighted values showed the bes
results within a factor of two compared to the observed values.

1Nov 5Nov 10Nov 15Nov 20Nov 25Nov 30 Nov Mec‘;"astl;red
Maximum concentration (ng/l)
SPIDER = 0370 0676 0876 1267 = 0545 0759 0992
MACRO 0126 0207 0295 0480 0232 0257 0.325
Loads (kg/5 years)
SPIDER  6.05 999 1409 1920 1728 2170 2272

MACRO  11.49 14.52 21.50 22.51 15.32 14.16 20.10

4.4.4.3 Uncertanty in pesticide sorption and degradation

The effect of the uncertainty from using average sorption and degradation data was
analysed by comparing the resulted maximum concentration and pesticide loads of
simulations using extreme input data (maximum amdimum sorption and degradation
values derived from the literatu(ERU, 2007). The results are shown ifable 4-15.

Load simulations showed similar behaviour for both models with differences in their
magnitude. Greatest load values were obtained from the combination of minigaumdK
maximum halflife data while the smallest loads were observed from using maxikyd

and minimum haHife. Greater loads were generally obtained from MACRO than from
SPIDER. Load values from SPIDER ranged between 0.14 and 43.1 kg for the simulation
period 20061 2011, whereas, for MACRO the loads varied between 1.6 and 74.1 kg. The

simulated ranges for both models covered the observed load of 23.3 kg.

207



4. Modelling pesticides in the Wensum catchment using SPIDER

Table 4-15 Simulated maximum concentrations and pesticide loads for carbetamide using
combinations of maximum and minimum sorption andrdégtion values, together with the average
input simulation and the observed data.

Avg. Koc  Max. Koc Max. Koc  Min. Koc Min. Koc Measured

Avg. DTso  MaxDTs, Min.DTs, MaxDTs,  Min. DT data
Maximum concentration (ng/l)
SPIDER 0.370 0.527 0.052 0.697 0.093 0.622
MACRO 0.126 0.272 0.066 0.566 0.044
Loads (kg/5 years)
SPIDER 6.05 11.32 0.14 43.07 0.48
MACRO 11.49 28.61 1.56 74.12 1.83 23.21

A different behaviour was obtained for the simulation of the maximum concentrations.
Greatest values of mamum concentrations were obtained for both models from the
combination of minimum kK and maximum halfife. However, the smallest value of
maximum concentration was obtained for SPIDER from the maximgyaid minimum
half-life i.e. when the pesticide degles quickly and is more attached to soil particles so it

is less likely to leach and reach the drains; in contrast, for MACRO the smallest value of
maximum concentration was obtained from minimum data for bgthakd halflife, i.e.

when the pesticideefjrades quickly but is less sorbed to the soil. This result shows soil
sorption had a bigger impact on maximum concentration results in SPIDER and a smaller
impact in MACRO. Therefore, degradation was more sensitive in MACRO than soil
sorption for the simlation of maximum pesticide losses. In addition, maximum
concentrations from the different combinations of sorption and degradation data ranged
between 0.044 and 0.56@/I for MACRO and between 0.052 and 0.64y/! for SPIDER.
Hence, sorption and degraet had a bigger impact on maximum concentrations from
SPIDER than from MACRO and that only the range of maximum concentrations obtained

from SPIDER covered the maximum measured concentration of Gg3R2
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4.4.5 Analysis of pesticide trends in the catchment

Rainfall and water flow are important factors to take into account when analysing pesticide
emissions. The Wensum haBown a reduction in rainfall and water flow over the study
period of 400 mm and 78 mm, respectively from 2006 to 2Bigufe 4-29). A reduction in
rainfall and flow can cause a reduction in pesticide emissions. An analysis of pesticide
trends using fate models like SPIDER and MACRO would take these changes in rainfall

and flow into account.
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Figure 4-29 Annual rainfall and water flow for each hydrological year in the Wensum catchment

Calculations of changes in the simulated and observed load between hydrological years an
for the entire simulation arshown inTable 4-16. Negative and positive values show
reductions and increases in the loads, respectively. Both the observed and the simulate
loads showed a reduction in pesticide loads from 2006 to 2011ditoad the percentage

of reduction between models for most of the herbicides showed comparable changes. Thi
exception was for mecoprop where SPIDER (86%) simulated almost double the reduction
in load of MACRO (41%).

Similar percentages of reduction insgieide load between simulations and observed data
were observed for mecoprop (using SPIDER), clopyralid, carbetamide and MCPA.
However, for chlorotoluron and propyzamide, the models predicted considerably larger
reductions than those that were actuallgesled. In the case of mecoprop the observed
percentage of reduction in load was the double of larger than the simulated reduction from

MACRO, while SPIDER predicted a similar percentage of reduction than the observed
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value. Changes between hydrologicaangeshowed fluctuations in pesticide loads in both
the observed and the simulated loads. However, differences were observed between the

model predictions and the observed data.

Table 4-16 Comparison of the cimges in the estimated and simulated loads between hydrological
years and for the entire simulation period

. 200607 to 2007-08to 200809to 200910 to
Pesticide/ 20062011 2006
Hyd. Year 200708 200809 200910 201011 (kglyear) 2011 (%)

(kglyear)  (kglyear) (kglyear) (kglyear)

Chlorotoluron

Observed -0.12 5.71 -7.5 1.73 -0.18 -5.56
SPIDER -3.5 -0.16 2.41 -0.02 -1.27 -27.67
MACRO -8.68 -2.13 8.48 -3.88 -6.21 -38.12
Mecoprop

Observed -18.41 -2.77 -6.58 2.25 -25.51 -82.61
SPIDER -16.91 -10.2 12.54 -12.14 -35.23 -86.24
MACRO -12.58 -4.17 22.4 -16.11 -16.11 -40.72
Carbetamide

Observed 1.53 -2.76 2.49 -4.59 -3.33 -64.29
SPIDER -2.13 -0.31 0.78 -0.71 -2.37 -80.89
MACRO -4.29 0.14 -0.22 0.11 -4.26 -74.61
Propyzamide

Observed 4.9 -3.24 -2.64 -0.03 -1.01 -23.93
SPIDER -7.3 -0.57 0.45 0.02 -1.4 -90.91
MACRO -12.69 -2.28 2.21 -0.91 -13.67 -88.59
Clopyralid

Observed -0.01 -1.93 -4.81 -0.58 -7.33 -83.77
SPIDER -3.23 -0.83 0.2 0.24 -3.62 -84.58
MACRO -0.29 -0.13 0.54 -0.54 -0.42 -100.00
MCPA

Observed 4.27 -7.26 -11.44 -1.85 -8.35 -79.83
SPIDER -15.72 -0.31 0.01 -0.02 -16.03 -99.97
MACRO -10.50 -0.48 0.28 -0.21 -10.91 -99.02
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4.5 Discussion

45.1 Water flow

As a new model, only a few studies have applied SPIDER to simulstieige losses to
surface water(Beulke et al., 2009 Renaud and Brown, 2008 Evaluation studies,
conductd in the UK, concluded that the model was able to simulate hydrographs and
pesticide losses reasonably well with little or no calibration. The hydrograph simulation
from SPIDER showed a reasonably good match in the timing and size of the peak flow
comparedto the measured data. Since no soil moisture information was available for the
beginning of the simulation, the initial water content in the models was set to the water
content at field capacity. This caused a great-egémation of the flow at the begiing of

the SPIDER simulation but the flow rapidly stabilized after a few days. Additional over
estimation of the flow from SPIDER was observed in January and June 2007 in response ftc
an unusually wet hydrological year (20R607), particularly during sumer Figure4-30).

The rainfall previous to those events was characterized by periods of frequent and unusuall
large volumes of rainfall which affected the hydrological response of SPIDER by the
simulation of larg volumes of drain flow for those day&idure 4-31); in contrast,
MACRO did not simulate drain flow in such magnitude. This difference in the hydrological
response of the models indicates that SPIDER can be espensive to large and frequent
rainfall events than MACRCFigure4-31 also shows that SPIDER usually predicted drain
flow events earlier in the autumn than MACRO; this means that SPIDER was able to
simulate moralrain flow events which is very likely to affect simulated pesticide losses at
the beginning of winter flow periods, especially for pesticides that are applied around those

dates.
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Figure 4-31 Comparison of the simulated drain flow by SPIDER and MACRO

Water flow simulations from SPIDER and MACRO also showed a trend for the models to
overestimate flow durig periods of greatest flow and this may be attributable to structural
errors within the models but might also relate to flood control measures within the
catchment that were not included in the model. Flood management in the Wensum includes
changes in theourse and dimensions of the river channel, changes in the connectivity

between the river and the floodplain, removal of the bed substrate and deposited fine
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sediment and desilting, control of aquatic and riparian vegetation and alterations to the
water lerels within the channel and downstream movement of sediment (mill weirs, sluices)
(Sear et al., 2006

The water flow simulation for the Wensum using SPIDER was mostly affected by under
estimation in the simulation. Some of the peaks foiods of great flow were completely
missed by the model which can be due to-otfirevents that the model could not simulate.
However, undeestimation was mainly observed during periods of lowest flow (spring and
summer). The simulated hydrograph showadyé disagreement in the behaviour of the
baseflow at these times which reflects the simplicity of the groundwater mixing model.
Abrupt reductions in the flow were observed at beginning and end oefldewperiods

which was different to the more gentle belour observed for the measured flow.

Model calibration was applied to both SPIDER and the GW model to increase water flow
and to improve the simulation of the flow recession and recovery durinfdemperiods.
Evapotranspiration coefficients for alrops were reduced taking into account winter
conditions in theWensum which is prone to freezimlyring this period. The new values
were selected according to the ranges reportedll®an (1998. Model calibration was
swecessful in reducing flow und@stimation in the simulation by increasing the flow from
82.5 to 95.1%. However, the GW model failed to accurately simulate the recession and

recovery periods of flow during periods of low flow.

Periods of overand undesestimations of the flow also affected the goodrefsit when
plotting the residuals. Patterns in the plot were characterized by consecutive negative
residuals during periods of ovestimations and 4dhape in the residuals during lowest flow
periods. Whencomparing SPIDER and MACRO residuals for water flow simulation,
similar patterns were observed; this can be expected since both models use a simila
approach to simulate the water flow. The effect of eastimation of the flow affected
SPIDER more than MCRO, with higher negative values. Hydrographs for MACRO seem

to show a better performance of the groundwater mixing model for this model. During
periods of lowest flow, residuals from SPIDER tended to be positive whereas negative
values were mostly obsexgt for MACRO. These nerandom patterns indicate that the
models were not capturing some explanatory information that was reflected in the residuals.

This explanatory information during periods of greatest flow could be the mentioned flood
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management meass in the catchment and for periods of lowest flow would be due to the

poor simulation of the baseflow behaviour.

NashSutcliffe model efficiency coefficientsEf showed that the water flow simulation
from MACRO was better than the one achieved from SIRIBken after calibration. Model
efficiency values of 0.35 and 0.43 were obtained for MACRO before and after calibration,
respectively, while for SPIDER the model efficiency did not improve after calibration (it
changed from0.02 t0-0.09), mainly due tohie high overestimation of the flow in 2006

2007. However, it is important to note that no rainfall data were available from Norwich
Airport for the hydrological years 2006 and 2007 so extrapolation of daily rainfall data from
another station near the damgent was used instead. This approach was an important source
of uncertainty in model results for the hydrological year 2006 since precipitation is a very
sensitive parameter in hydrological mod@snaud et al., 201;10bled et al., 1994 Thus,

model efficiency was also calculated for the simulation period with less uncertainty in the
rainfall data, 2008 2011 which was again better for MACR@ € 0.60) than for SPIDER

(E = 0.36). Renaud and Brown (20p8obtained very similar model performance for
SPIDER in two fiéd studies in the UK that compared water flow simulation from SPIDER
and MACRO but in both cases SPIDER simulations were not calibrated. The authors found
slightly better model performance for MACR@ £ 0.35) than for SPIDEREE 0.32) for a

site located aCockle Park but differences between models were smaller than in the present
study. Another evaluation for a different site located at Maidwell showed that model
performance for SPIDER was considerably better than for MACR® {0.61) without
calibration (E = 0.23) which was then considerably improved after little calibratior (
0.55). However, both studies were carried out at the-fietde where input parameters had
small variability so that little uncertainty was expected in models results. Cangideat

the hydrological responses of the models only come for rainfall, drain flow, interlayer flow
(in the case of SPIDER) and runoff coming from hard surfaces, the models achieved a

relatively good simulation of flow, particularly of the major dramaflevents.
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4.5.1.1 Evapotranspiration

SPIDER generally simulated peaks in drain flow earlier than MACRO at the end of the
lowest flow periods. It was found that one possible reason is anrestraration of the
evapotranspiration by MACR( ediosi et al., 20LRoulier and Jarvis, 200Besien et al.,
1997. Besen et al. (1997 suggested that owestimation of evapotranspiration by
MACRO caused the model to miss drain flow events generated byalofall in early
spring affecting both drain flow and pesticide simulations for that period. In this study, it
was found that oveestimation of evapotranspiration was also critical for the early autumn
period (i.e. at the beginning of the winter flowripe), which causes the model to

misrepresent the flow recovery rate.

When comparing the evapotranspiration, calculated by the two models, that for MACRO
was 12.1% bigger than that for SPIDER over the simulation period. This difference in
evapotranspirabin is very evident particularly during the summer perideigure 4-32)

which reduces soil moisture content and prevents the soil from wetting up as rapidly as for
SPIDER, consequently causing the simulation tosnaisain flow and pesticide peaks at
those times.
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Figure 4-32 Comparison of the simulated evapotranspiration by MACRO and SRIDER
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Precalculated evapotranspiration from SPIDER was then used in MACRO sinslat

The resulting simulations of drain and river flows are showfigure 4-33 and Figure

4-34, respectively. Both drain flow and river flow showed an improvement inlatron of
earlier drain flow events and in the flow rate at the end of the lowest flow periods; this
suggests that the FAO Penriionteith equatiorfAllen, 1999 used by SPIDER may be a
better approach than the original PeniManteith equation(Monteith, 196% used by
MACRO for the calculation of the evapotranspiration under the UK conditions. The FAO
PenmanMonteith equation isscommended bgllen (1999 as it provides more consistent
evapotranspiration values in all regions and climates. The new simulated drain flow from
MACRO, using precalculated evapotranspiration from SPIDER, showed aadditismall
summer peaks in the simulation that SPIDER did not simulate; for example, the flow peaks
from August to October 2008, and in August 2009 and October 2010.

50 -
—— SPIDER drain flow
45 1 ——MACRO drain flow
40 - ——MACRO drain flow pre-calculated evapotranspiration
35 A

Drain flow (m 3/s)

S E P LSS L LSS
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Figure 4-33 Effect on the simulation ofirain flow in MACRO from using the prealculated
evapotranspiration from SPIDER and comparison with SPIDER and MACRO original simulation.
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Figure 4-34 Effect on the simulation of water flow in MACRO froming the precalculated
evapotranspiration from SPIDER and comparison with the original MACRO simulation and the
measured flow in the Wensum catchment.

4.5.1.2 Uncertainty in rainfall

Precipitation is well known to be a sensitive parameter in hydrological m@sielaud et

al., 2011 Obled et al., 1994 Here, since no hourly and daily rainfall data were available
for 2006 and 2007 from Norwich Airport or any other station within the Wensum
catchment, it was necessary to extrapolate rainfall recordings from the nearest station a
Mannington Hall. Daily rainfall data were extrapolated by taking into account reported
montHy and annual precipitation data for Norwich Airport and then converting to hourly
rainfall using a rate of 2.0 mm/h which is the average rainfall rate in E@fajvmanse et

al., 2014. In addition, precipitation measurements from rain gauges are subject to
uncertaintiegKrajewski et al., 1998Goodrich et al., 1995 TheUK Meteorological Office
(2010 uses the tippindpucket rain gauge fdhe automatic recording of rainfall rates which

is particularly affected by the rainfall intensifyvang et al., 2008Ciach, 2003 Nystuen et

al., 1996 and timescaléWang et al., 2008Ciach, 2003 The impact of uncertainty from

rainfall measurements on water flow was studied by running two simulations by increasing

217



4. Modelling pesticides in the Wensum catchment using SPIDER

and decreasing the rainfall data by 10%. A standard error of 10% was estim&lextioy
(2003 for hourly recordings and rainfall intatiss similar to those observed at Norwich
Airport. Simulated range of water flow for this uncertainty includes the complete match to
the water flow; from 78.8 to 111.9% for SPIDER and 83 to 112% for MACRO. However,
rain gauges are more likely to ungesimate rainfall recordings due to wind and turbulent
effects nearbyYang et al., 1998 Actually, an increase by 10% in the rainfall data gave a
better match to ater flow at the end of losilow periods, particularly for flow peaks that
were missed by MACRO in early autumn.

4. 5.2 Pesticide simulations

SPIDER was tested for the first time against high resolution monitoring data and at a
relatively largecatchmeniscaleas the Wensum. Six contrasting pesticides were simulated
using the preferential flow models, SPIDER and MACRO. Both models were able to
simulate a large number of the observed peaks as well as the overall pattern of behaviour of
most of the pesticides despithe simple nature of the models and not including runoff in

the simulations. Apart from the peaks that MACRO missed in early autumn due te under
estimation in the flow, most of the simulations showed agreement in the peaks simulated by
SPIDER and MACROthe exception was for clopyralid and MCPA where significant
differences in the simulations were observed with the observed data and between models.

For clopyralid, MACRO only predicted three small peaks that were due to pesticide drain
flow but the modelmissed other emissions that SPIDER predicted. It was observed that
important losses of clopyralid could be due to interlayer flow; SPIDER simulates this
whereas MACRO does not account for this entry robtgure 4-35 a) and b) show the
pesticide emission through drain flow and interlayer flow simulated by SPIDER for
clopyralid for Burlingham soil; the data show that interlayer flow was the most frequent
route of simulated clopyralid losses but losses were largen firain flow when these
occurred (2007). These findings are in agreement @dtter (200p who suggested that
interlayer flow generally contains less pesticide residues than drain flow. Clopyralid was
different fromother compounds where drain flow dominated because emissions occurred in
spring when drains are not often flowing and interlayer flow is the only predicted flow in

the catchment.
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Figure 4-35 Clopyralid enissions to Burlingham soil simulated by SPIDER through (a) Drain flow

(b) Interlayer flow

The poorest pesticide simulation in the Wensum catchment was for MCPA as the models
were unable to simulate pesticide peaks in the summer. Most of the observerdetec
occurred in spring and summer when the pesticide is normally applied but little or no drain
flow was simulated by the models for those periods so pesticide loss could not be simulated
A study in an 83tha catchment in southern Sweden compared theideterministic and
stochastic approaches using MACRO to study MCPA Ifsedahl et al.,, 200p
Probability distributions accounting for the spatial vaitigbof soil properties and crops

were used and pesticide usage including application date was gathered from persona
interviews with the farmers. The deterministic approach using soil average data was able tc
simulate water flow well, but the model fadléo simulate small but critical peaks to capture

pesticide loss during the summer. Conversely, the stochastic model was able to simulate th
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small outflows at the fieldand catchmentcales. However, MCPA simulations were better

at the fieldscale tharat the catchment level; stochastic simulations wedémated MCPA
concentrations by up to two orders of magnitude at the catchment outlet and also missed
pesticide losses in the summer. Possible causes for -asti@ation of pesticide
concentrations wer attributed by the authors to possible psiotirce pollution due to
farmyard losses such as cleaning or filling spray equipment which may caus¢esghort

high concentrations in surface water. Other explanations included model errors, modeller

subjectivty or inadequate selection of some of the input distributjbmslahl et al., 200p

In the present study, the lack of s#fgecific input data such as thecertainty in application
timings and the lack of flow simulation by both models during summer periods may explain
some of the missing peaks for MCPA. In addition, pesticide losses due to runoff events can
be more common during the summer and would bacpéatly important for a pesticide

with a short haHife like MCPA.

4.5.2.1 Uncertainty analysis in pesticide simulations

Studies about uncertainties in pesticide fate models highlight the importance of considering
uncertainties in the input parameters when ysiad results to avoid erroneous
interpretations(Dubus et al., 2003bDubus and Brown, 2002Sohrabi et al., 2002
Uncertainty in input parameters is critical for the parameters that are most sensitive in the
model. Studies on uncertainty analysis for MACRO input parameters showed that the use of
mean inptiparameters might have little impact on flow rate simulation at thededte but
uncertainties related to pesticide concentrations can be two to three orders of magnitude
higher than that of the corresponding input data because dineam relationsips between

model inputs and outpukindahl et al., 2005Sohrabi et al., 2002

The influence of unctainties on model results would vary depending on the sensitivity of

the parameters; higher uncertainties on the most sensitive parameters would generate a
greater impact on the accuracy of the simulation. Sensitive input parameters in pesticide fate
modds usually include precipitation, pesticide sorption and degradation among others.
Half-lives and sorption coefficients should be considered as variable and uncertain given the
inherent spatial variability of these parameters in the environifituitus et al., 2001

Walker et al., 2001Wood et al., 198)¢ Given the high sensitivity of these parameters
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within fate models, this will be transferred into uncertainty in model simulafldalus et

al., 2003h. In order to reduce uncertainties in input parameters, thef s#te-epecific data

for model parameterisation is recommended. However, these data are not always availabl
or easy to collect. Depending on the level of accuracy needed and the sensitivity of the
model, parameters can be left at their default valuesntdlom databases, derived from
empirical equations or estimated using expert judgment, but any of these procedures will

introduce uncertainty into the mod&ubus et al., 2003b

Large undesestimation of pestide concentrations was observed for carbetamide and
propyzamide. Key sources of uncertainty were tested for carbetamide simulations in order
to identify their effect on the prediction of pesticide losses. The variation of the application
date in the simaitions showed changes in the size of the peaks but there was still great
underestimation of the concentrations for some hydrological years. Tediosi (0aP)

also found undeestimation of carbetamide concentrations at the same order of magnitude
as the present work, even when the day of pesticide application was known. They
considered that this undestimation was due to the small k¢ used in theimodel (8

days), which is two days shorter than the one used in the present work, and also due t

sample handling, particularly lack of testing for sample stability and pesticide sorption.

Pesticide parameters used in the model are nospétefic for theWensum catchment;
instead average input data of pesticide sorption and degradation were used in the mode
The effect of the uncertainties associated with the use of average pesticide sorption an
degradation data was analysed. Sensitivity analysis dfcjges fate models including
SPIDER and MACRO have determined that simulations are greatly influenced by pesticide
sorption and degradation paramet@sbus et al 2003a Dubus and Brown, 20Q0&outter

and Musy, 1998 Persicani, 1996 Boesten, 1991 Boesten and Vanderlinden, 1991
SPIDER sensitivity was found to be close to that of MACRO,; this is expected as the
description of macropore flow iIBPIDER is based on that in MACRBenaud and Brown,
2008. Renaudand Brown (2008 found that the most sensitive parameters for SPIDER
were soil parameters describing transport in the macropores as well as parameter:
describing pesticide sorption; however, SPIDER appeared to be slightly more sensitive to
variations ininput parameters than MACRO. In the present study, a combination of extreme
sorption and degradation data for carbetamide was used to study the impact of uncertaintie

from these input parameters on the simulated maximum concentrations and pesticide loads
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Both parameters but especially pesticide sorption had a big impact on the simulation of
loads and maximum concentrations from the models but especially from SPIDER. The
simulated ranges of maximum concentration and loads from SPIDER were wider than the
ones obtained from MACRO. In the case of maximum concentrations, the simulated range
from SPIDER did cover the observed data while MACRO slightly uedémated the
maximum concentration (by a factor of 1.1). These results are in good agreement with the
findings of Renaud and Brown (20p8they also observed that soil parameters were
generally equally or more sensitive than parameters describing pesticide tegraua
SPIDER. The reason was that transport out of the mixing layer where macropores are
loaded with pesticide would be the limiting factor for losses via preferential(RRemaud

and Brown, 2008 Results from uncertainty analyses for carbetamide in the present study
showed that uncertainty from individual input parameters could not explain by themselves
the observed disagreements in the simulation from butdels and a combination of
different sources of uncertainties for this pesticide would be needed to explain the under

estimation in simulated concentrations.

Lindhal et al.(2005 showed that model sensitivity can also be-sited compoundpecific.

The authors carried out a sensitivity analysis for MCPA simulations using MACRO at the
field- and catchmensscale Soil properties controlling macropore flow, pratation
following application and organic carbon content were among the most important factors
affecting the simulations. Fielscale and catchmestale sensitivity analyses were very
similar for both MCPA load and maximum concentration. Leaf area inded
consequently, application days were also sensitive parameters for MCPA simulations; a late
application of MCPA will result in less pesticide reaching the soil surface due to crop
interception when the soll is also drier. Contrary to findings fromrathelies, Lindhal et

al. (2005 showed that sensitivity due to degradation rates for MCPA was small compared

to that from other variables.

The variability inpesticide concentrations over short timescales can also lead to some bias
when comparing simulated average daily values from hourly simulations to measured
values from a sample taken at a particular time of the day. Monitoring samples of
carbetamide on seval occasions over the day showed significant changes in the

concentration particularly after rainfall that triggered drain flow evémediosi et al.,

2012. Holvoet et al. (200pfound after using automatic samplers collecting water every 15
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min to create composite samples every six or eight hours that hourly pesticide
concentrations in river flow were particularly higvhen frequent rainfall events took place.
Temporal variability in the concentrations is also evident in the present study when
comparing simulated average daily and hourly maximum concentrations from SPIDER to
the measured concentration. The best appré@@void discrepancies in grab samples due

to temporal variability of pesticide concentrations would be to use arsautpler set to

take hourly samples and then arrange a composite sample that represents the real mean da
concentrationHolvoet et al. (2007balso commented about the importance of avoiding

grab sampling to obtained more reliable monitoring results.

4.5.3 Catchment Sensitive farming programme

The most recent available report into the progress of the Catchment Sensitive Farming
(CSF) programmég2012 used statistical analysis of monitoring data to assess trends in
pesticide emissions in six catchments including the Wensum (fate modellpesidide

was not used for this analysis). The study focused on available monitoring data for the six
indicator pesticides used in the current study. The simulated pesticides in the present wor}
were all amount these indicator pesticides. Calculationgheranalysis included total
annual loads (TAL), timeveighted and flowweighted mean concentrations (TWMC and
FWMC, respectively) across all six sites and for all seven pesticides. TheSEmell
estimator was used to analyse the trends between yearssefghmmeter€CSF, 2012

The TheitSen estimator is a ngrarametric method for robust linear regression that looks

to the slopes between all pairs of points in the data and calculates the median slope amor
all lines. The estimator is insensitive to outliargl it is said to provide a better estimation

of the trend than a simple linear regression model when few points are available as the
estimator accounts for the time series as a whole instead of looking to the absolute change
between year€@CSF, 2012Gilbert, 1987.

The available monitoring data were used for the calculatiatieowt accounting for days
when samples were not collectgiSF, 2012 This approach is different to the one used in
their previous report wherea regression model was used to estimate pesticide
concentrations for days with missing data using mean daily flma(€SF, 201). In the

most recent report, a simpler approach in the estimations was thought to be more
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appropriate since the analysis was lookingpas systems and the results were expected to

be unbiased because gaps were assumed to be randomly dist{i6&ied2012.

The main issue that emerges from the methodology applied I§8R€2012 in this report

is that gaps between monitoring dayan prevent the detection of important peaks which
generates uncertainty in load estimations and can lead to erroneous interpretation of the
results. In addition, these calculations of pesticide load and concentration do not account for
all variables inalding rainfall or river flow and are also unable to understand the
mechanisms of pesticide transport in the studied catchments. An alternative approach to
study the effects of the CSF pesticide management programme within the catchments would
be the use opesticide fate modelling at trmatchmeniscale Fate models can provide a
better understanding of all the different variables that contribute to pesticide emissions by
reducing uncertainties from excluding the effect of the weather or ignoring pesticide

emissions on days when samples are not collected.

CSF (2012 calculated estimators by crop year (i.e. each crop year running from September
to August) from 2006 to 2011 and changes in load and concentration of pesticides were
examined by comparigsoof results between years and for the whole period. The TAL was
calculated from instantaneous load rates which is said to generate astiwvetion of the

loads. Calculated TAL showed a reduction in pesticide emissions from 2006 to 2010 for the
six catqiments. Individual load calculations showed a decrease of the TAL in the Wensum,
except for chlorotoluron and mecoprop which had an increase of 1.73 and 0.02 kg/year from
2006 to 2011, respectively. The increase in chlorotoluron loads was explained by the
possible replacement of isoproturon with this pesticitke TWMC also showed an
increase of 0.006/l-year for chlorotoluron in the Wensum but not for mecopi©§F,

2012. In the present study, estimated observed loads were calculated by interpolation of the
observed values for days when data were not available. Both observed and simulated loads
by the models showed a decrease in all pesticides losses, including chlorotoluron and
mecoprop, from 2006 to 201Tgble 4-16). It is important to note that good pesticide
simulations by MACRO and SPIDER were achieved for these two compounds. The
estimated observed load for chlorotoluron showed a decrease in the loads of 0.18 kg/year
(from 3.24 kg/year in 2068007 to 3.06 kg/ear in20102011); the simulated loads also
showed reductions of 1.27 kg/year using SPIDER and 6.21 kg/year using MACRO. A
bigger reduction in the load was observed for mecoprop; the estimated observed decreased
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in 25.51 kg/year and the simulated loadsvata reductions of 35.23 and 16.11 kg/years for
MACRO and SPIDER, respectively.

The rainfall and water flow in the Wensum catchment reduced markedly during the study
period (20061 2011) by 400 mm and 78 mm, respectivéfyg(re 4-29). It is known that
higher rainfall volumes can generate increases in pesticide emissions and concentration
may gradually increase until dilution is reaclf@dolfe, 200 but reduced rainfall and flow

can also reduce emissions since there is insufficient carrier water tor tdgfese
pollution. The CSF reporf2012 analysed the effect of rainfall on pesticide concentration
using a series of linear regression models for mean monthly total pesticide concentration
against mean monthly rainfall. The approach included glesimodel for the entire study
period per catchment along with two additional models using separate subsets of data fo
the periods 2002009 and 2002011. The models aimed to determine whether rainfall was

a significant factor in explaining pesticide cemtrations. The differences between the
mean monthly observed of total indicative pesticides for the period-200P and 2006

2009 showed that the Wensum experienced lower concentrations from the peried 2009
2011 for a given rainfall than would have bespected for 200@009(CSF, 2012

Modelling results were used to analyse the trend of pesticides in the catchment and tc
identify factors influencing pesticide loss in the Wensum. None of the models used in the
present study are able to simulate managemesasures; for this reason, the predicted
pesticide loss by these models would only be caused by the input parameters describing th
physical properties of the catchment such as soil and land use, pesticide usage and weath
data. Therefore, differences bewn observed and simulated loads can be due to additional
factors; such as the effect of the management strategies currently in placed at the catchmer
In contrast, if modelling results are comparable to the observed data, this would mean tha
input parareters are the most likely factors affecting the dynamic of pesticides in the

catchment; in terms of trends this would be mainly due to pesticide usage or the weather.

Changes in the observed and predicted pesticide loads between 2006 and 2011 wer
analysd; reduction in pesticide load for most of the herbicides showed to have a
comparable behaviour. This was the casenwcoprop (using SPIDER), clopyralid,

carbetamide and MCPA. Pesticide usage in the Wensum for modelling pesticide was
estimated from regial survey data and crop areas. These estimates showed an increase ir

the usage of chlorotoluron, carbetamide, clopyralid, propyzamide while the usage of
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mecoprop remained stable and MCPA was reduced. Since pesticide usage for mecoprop
(using SPIDER), clomplid and carbetamide could not explain this reduction in pesticide
emissions, modelling results suggest that the reduction of rainfall and flow are more likely
to explain them instead of the actions taken byGlsd-. Since the usage of MCPA was
estimatedo have reduced in the catchment, the reduction in pesticide emissions from this

pesticide can be due to the joint effect of the changes in pesticide usage, weather and flow.

In the case of chlorotoluron and propyzamide, the models predicted considargble
reductions than those that were actually estimated from the observed data. Predicted larger
emissions from the model can be due to several factors including bad resolution of the
measured data which can lead to a wrong estimate of the observedrddactsnsistencies

in model simulation fron the sources of uncertainty.

4.6 Conclusions

The evaluatedfield-scale models (SPIDER and MACRO) along with the modelling
methodology used were able to simulate the overall pattern of the behaviour of the
pesticidesn the catchment. kstream processes did not show a big effect on the simulations
when applying fielescale models. A good simulation by the models will be particularly
useful for refining dates in the monitoring programmes for drain flow emissionsin th
catchment. However, this is not possible for emissions due to runoff events as the models

were unable to simulate this pathway.

Modelling results also showed that pesticide concentrations in water were driven by field
scale processes, and that fate witthe river system had a relatively minor influence on
pesticide concentrations at the catchment outlet. The results also show that pesticide loss
through tile drainage is the major routes of water contamination in the catchment in most
cases. SPIDER wadle to simulate more emission events than MACRO. The reasons
include that MACRO does not account for interlayer flow and tend to miss drain flow
events occurring at the end of the summer as the model takes more time to wet up in this

period due to oveesimation of the evapotranspiration.

Key uncertainties in the modelling were associated with water flow (groundwater

connectivity, flood control measures, abstractions from the river) and pesticide use (timing,
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rate and location of specific applications)hMgt simulations matched some elements of the
observed behaviour, they were not sufficiently accurate to allow filling of gaps in the

measured data.

SPIDER did a good job at predicting moderately persistent pesticides such as chlorotoluror
and mecoprop #t are mainly applied during autumn when drains are flowing. The results
helped to identify critical input parameters that should be refined in order to achieve better
simulations and how important they are according to the physicochemical properties of th
pesticide being simulated. Uncertainties in degradation values, sorption, pesticide amounts
and application dates are critical for pesticides with shortlif@lf’alues or when they are
applied in different seasons. Models show very poor simulationesfigdes that are
applied during periods of low flow which is the case for MCPA. Even though clopyralid is
applied in spring, SPIDER was able to simulate some of the peaks due to interlayer flow.

Pesticide load is an important parameter in deciding lvenethe Catchment Sensitive
Farming programme is reaching the goal of reducing pesticide emissions. Pesticide result:
can also help to interpret the trends of pesticide emissions in the catchment. Both models
and estimated loads showed a reduction in @dstiloads. A comparison of percentage of
reduction between observed and simulated loads suggested that most of the reductions cou
be explained by the effect of the observed reduction in rainfall and flow in the catchment.
An influence of the managemesirategies applied through CSF cannot be excluded, but
results suggest that care should be taken in assigning observed reductions solely tt

management changes.
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5 Modelling the fate of pesticides in the valley of the
River Cauca, Colombia using the AnnAGNFS model

5.1 Introduction

The contamination of water bodies due to agricultural activities has been widely recognised
and continues to be of concern. The geographical vafldye River Cauca in the Valle del
Cauca department, Colombia, is characterized tgngive agriculture where sugarcane is

the main crop covering about 200,000 ha (approximately 50% of the arable land in the area
for the production of sugar and bioethaidbreno, 2012 A monitoring study in 2010 and

2011 showed high levels of pesticides along tiker (Sarria, 2014 In particular, the
herbicides atrazine and simazine werenfbun several samples at levels exceeding the

established international standards for surface water and drinking water.

Atrazine and simazine are used in Colombia for@rergence and early pasnergence

weed control in sugarcane, maize and sorghumscrbDgspite the high potential risk for
water contamination due to pesticides, no catchment management or monitoring
programmes are currently in place by the government in order to reduce and investigate
emissions; and only a few independent research stidiee measured pesticide levels in

the river(Sarria, 2014Piedrahita and Paez, 2Qelalcazar and Paez, 19%arra, 1993

The main reasons for not tackling pesticide contamination in the area (and in general for the
whole country) are that #se programmes are especially expensive and require large
investment from the government. An alternative to refine and reduce costs of water
monitoring is to use mathematical modelling of pesticide fate as a tool to understand the
dynamics of these substas in the catchment. The main characteristics of the study area

and a strategy for applying pesticide fate modelling are described below.

5.1.1 Aim and objectives

The aim of this chapter wde study the dynamics of the herbicides atrazine and simazine
along wth their routes of entry to the River Cauca by conducting catchment pesticide fate
modelling for the first time in the area usiray spatially distributed modein the

geographical valley of the riveFhe specific objectives to meet this aim were to:
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1. Exanine the predictive capacity and applicability of #tsenAGNPS model under
Colombian conditions.

2. Assess the effect on model simulations fremeertainty in the input parameters.

3. Determine the areas oisk in the study area for water contamination by ateaz
and simazine.

4. Identify practices and conditions that influence pesticide loss in the catchment.

5. Evaluate pesticide losses from using triazine alternatives in the catchment.

5.2 Study area and background information

5.2.1 Catchment characteristics of the River @Guca in the Valle del Cauca
department

The River Cauca is located between the west and the central Andean ranges in Colombia
and is one of the two main rivers of the country. The river flows from its source in the
Colombian Massif in the Cauca department approximately 1,350 km, draining a
watershed of 63,300 Ko its confluence with the River Magdalena in the Bolivar
department and finally flowing out into the Caribbean S&gufe 5-1). The river flows
through 183 municipalities in Cauca, Valle del Cauca, Quindio, Risaralda, Caldas,
Antioquia, Cordoba, Sucre and Bolivar departments (Colombia comprises 32 country
subdivisions called departments that have a certain degree of administrative autonomy and
each depament comprisesa group of municipalities; Colombia has 1,119 municipalities).
About 16 million people live in this catchment (38% of the population of Colombia). The
watershed of the River Cauca in the Valle del Cauca department is particularly imfmrtant
the economy of the country; most of the sugarcane industry and part of the coffee
plantations are located in this af€/C and Univalle, 200,7200]). The River Cauca in the

Valle del Cauca receives domestic and industrial discharges from 33 municipalities; the
main ones are Cali, Jamundi, Yumbo, Palmira, Buga, Zarzal, Florida, Tulua and Cartago
(CVC and Univalle, 2004 Other main characteristics of the climate, hydrology, soils and

land use in the watershed are described below.
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River Cauca WWatershed

m “alle del Cauca Subwatershed

0 8rs17a 340 525 700
I N B iometers

Figure 5-1 Location of the River Cauca catchment in Colombia and its watershed in the Valle del
Cauca (Adapted fror@VC and Univalle (2000.

5.2.1.1 Climate

The region is charactesd by a tropical climate with high and uniform temperatures
throughout the year. In contrast to temperate regions, it is not possible to distinguish
between seasons using temperature criteria. There is also change in the temperature wi
elevation that vaes by about 1°C every 170 m. A major characteristic of the climate is the
presence/absence of periods or seasons of rain; two low and two high rainfall seasons tak
place during the year. Low rainfall seasons normally occur from January to February and
from June to September; and greater precipitation occurs from March to May and from
October to December. The mean temperature is 24°C, varying between 10 a(@\38°C

and Univalle, 200y The relative humidity varies between 65 and 90%, and the annual
precipitation between 800 and 3800 fiDEAM, 20129.

The spatial distribution of precipitation is mainly influenced by the topography, the trade
winds and the prevalence of calm equa or intertropical convergence zones. Most of

the precipitation that occurs in the region can be classified as convective or orographic in
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origin, often presenting specific microclimate phenomena. Normally, 80 to 90% of the
precipitation during largetorm events occurs during the first three hours of the storm,
which is distinctive of the torrential character of the rainfall and the flashy behaviour of the
tributary rivers of the River Cauca in the area. In addition, higher rainfall rates usualty occu
in the proximity of the central Andean ranges which is consistent with the higher number of
important tributary rivers to the east margin of the River Ca&ggufe 5-2) (CVC and
Univalle, 200). Another important climatic phenomenon that greatly affects the hydrology
of the River Cauca is the El Niffdourthern Oscillation (ENSO) cycle including its warm

(el Nifio) and cold (la Nifia) phases which affect timmal timing and intensity of

precipitation.

F. Jarnund|

AL

0 1020 40 B0
e w Filometers

Figure 5-2 Location of the River Cauca and its tributaries in the Valle del Cauca (Adapted from
CVC and Univalle (200p.
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5.2.1.2 Hydrology

The watershed of the River Cauca in the Valle del Cauca covers a drainage area of 19,34
km? and the river width varies from 80 m at the top (La Balsa) to 150 m at the bottom
(Anacaro) of the rive(CVC and Univalle, 20042001]). Figure 5-3 shows the hydrograph

for both stations from 2008 to 201CVC, 2011b c). The water flow of the River Cauca

and of its tribtaries is strongly related to the rainy seasons. In general, the maximum flows
occur during November and May, whereas the minimum flows are recorded in August and
September. Most of the tributary rivers are classified as flashy rivers according to their
physiographic and morphometric characteristics of thelmgins that they underlie; these
circumstances involve a critical response to short intense rains, with relatively low flows
being observed for most of the year and high flows occurring in peaksoufdlration

(CVC and Univalle, 20011
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Figure 5-3 Hydrograph for La Balsa and Anacaro stations
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5.2.1.3 Soils and land use

The rapid growth of the sugardustry in the last three decades has exerted a strong
pressure on natural resources, mainly on land use in the geographical valley of the River
Cauca(Cortes Ortiz, 2010 Since 1986, there has been an increase of 67% in the crop area
of sugar cane in the valley, nowadays accounting for half of the available arable land
(ASOCANA, 2009. In order of importance, the main land uses in the geographical valley
are grass (natural grass 38.2% and cutting grass 5.3%), sugar cane (26.2%), urban areas
(14.4%), brush (4.5%), maize (3.3%)d sorghum (3.0%CVC, 2011

There are about 84 soil sesiin the area that belong to the following orders Mollisol (36%),
Inceptisol (26%), Vertisol (21%), Entisol (10%), Anfisol (5%) and Ultisol (1®pRI,
1992. Most d them are clay and loam soils with pH values between 5.5 an(C¥.G,

20119 and oganic matter content between 2 and @Ramirez, 1988
5.2.2 Atrazine and simazine

The use of herbicides for controlling weeds is an important practice for agricultural
production in the Valle del Cauca. The use of hédbi has rapidly replaced manual and
mechanical techniques of weed control due to their speed of use, crop security, prolonged
residual action and replacement of extra human labour. It is reported that in 1970,
agrochemicals were used on only 30% of theltorop area in the Valle del Caug@omez

et al., 1970 nowadays, almost all the crop land is treated with pesti¢@i@sienas and De

la Cruz, 1981 Weed control is particularly important in the initial stages of the crops to
avoid competition for solar radiation, water and nutrients between crops and weeds; weeds

can cause slow craggrowth, poor crop development and reduced yields.

The triazines constitute a group of herbicides with residual and systemic action. The main
triazines used in the Valle del Cauca are atrazine and simazine. These herbicides are used in
several crops to Kibroadleaved and grassy weeds on agricultural anehgaoultural land

(Abate and Masini, 2005in the Valle del Cauca region, they are primarily used as-a pre
emergence herbicide on maize, sorghum and suga(dai&DR, 2003aUS EPA, 2003n
Triazines are absorbed by the roots of the weed and translocate inside the plant to interrupt
photosynthesis. These herbicides can also be used earherpesience on recently
emerged weeds (no more thar?2 lleaves), but in this case contact action by foliar

absorption is favoured which usually requires the use of surfactants or oils.
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Atrazine and simazine are commercially available in a variety of products either as single
active ingredients or as a mixture of both substances. They are usually applied at
corcentrations of 2 to 4 kg a.i. Ha These herbicides have similar physicochemical
properties; both are only slightly soluble in water (atrazine more than simazine) and have
moderate sorption to organic matter which increases their persistence in theraeuiro

and decreases their bioavailabilityaple 5-1). Degradation in soils is mainly due to
microorganisms; hallives in soil and water are between one and three mghbdhoo

and Garg, 2011

Atrazine and simazine were withdrawn from use in the EU in 2004 after failing the review
process because of the risk they pose to groundwater and their high pergEteapean
Commission, 2004ba). Other European countries decided to ban atrazine earlier; for
example Sweden, Denmark and Finland since 1994 as well as Germany ansvitddig

maize producers, in 1991. In the USA, where these herbicides are still in use, atrazine is on
of the most widely applied herbicides and also the most commonly detected pesticide in
surface wate(US EPA, 201} Table5-2 shows a list of the maximum permissible levels of
atrazine and simazine in drinking water in different countries. In Colombia, permitted levels
are based on the toxicology, daagenic, mutagenic and teratogenic characteristics of the
substance and their lsp(Ministerio de Salud, 1998but there s no official list of levels

per pesticide as in other countries.

Table 5-1 Physicochemical properties of atrazine and sima@iRU, 2007.

Property Atrazine  Simazine
Molecular mass (g md) 215.68 201.66
Solubility (mg I) 35 5
pKa 1.70 1.62
Log Kow 2.7 2.3
Henryés | aw ¢ 15x10 1.3x1C
(dimensionless)

Koc (Ml g™ 100 130
DTsin soil (typical lab.j (days) 75 60
DTsoin soil (field) (days) 29 27
Aqueous hydrolysis at 20°C ar 86 96
pH 7 (days)

DTsin water (days) >200* 46

*ATSDR (2003
'DTs, (typical lab.) refers to typicahboratory values in tHigerature
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Table 5-2 Maximum permissible levels of atrazine and simazine in drinking water in different
countries

Country/organization Atrazine Simazine Reference
(mg/l) (mg/l)
USA 3 4 US EPA (2008
Council of the Europeal
EU 0.1 0.1 Communities (2008
Canada 5 10 Health Canada (20}2
NZ Ministry of Health
New Zealand 2 2 (2000
World Health Organizatior 2 2 WHO (2009
Mexico 2 2 ANEAS (2007
Uruguay 3 OSE (200%
Conselho Nacional d
Brazil 2 2 Meio Ambiente Brasil
(2009

5.2.3 Triazine concentrations in the River Cauca

A study by Sarria (2013 measured atrazine and simazine levels at different monitoring
stations along the River Cauca. Samples were collected in June and October 2010 and May
2011.Table 53 shows the reported concentrations and sampling datesefanahitoring
stations. Atrazine and simazine were always detected in each campaign at least in two
stations. Detected concentration for atrazine varied between 26.00 and 24/0.49d for
simazine between 24.77 and 172ufll. However, when referringaek to the method used
inconsistencies in the calculation of the concentrations were observed. Samples of 500 ml of
water from the River Cauca were used in the analysis. The pesticides in samples were
extracted by a solighase method. It seems likely thiaported concentrations were based

on the concentration in the extracted sample without accounting for the original sample
volume of 500 ml of water from the river. Reported concentrations were corrected to
represent the original pesticide concentrationthe samples; results are shownable 5

3. Corrected detectable concentration for atrazine ranged between 0.052 antyd;481d

for simazine between 0.050 and 0.3d.
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Table 5-3 Sampling dates ahconcentrations for samples taken at different monitoring stations
along the River Cauca in the Valle del Cauca reporte8dyia (2011 Corrected concentrations
referred to the original rivesamples are shown.

Sampling
Month-Year/ Day Reported Corrected
location
Atrazine  Simazine Atrazine®  Simaziné®

(my/l) (my/l) (mo/l) (my/l)
June 2010
La Balsa 9 59.4 ND 0.119 ND
Puente Hormiguero 9 ND ND ND ND
Juanchito 9 ND ND ND ND
Puerto Isaacs 10 ND ND ND ND
Paso de la Torre 10 ND ND ND ND
Mediacanoa 10 240.5 ND 0.481 ND
Puente Guayabal 11 25.9 24.8 0.052 0.050
Anacaro 11 ND ND ND ND
October 2010
La Balsa 11 ND NQ ND NQ
Puente Hormiguero 11 79.00 ND 0.158 ND
Juanchito 26 ND 56.0 ND 0.112
Puerto Isaacs 11 ND ND ND ND
Paso de la Torre 11 ND 52.0 ND 0.104
Mediacanoa 25 26.0 NQ 0.052 NQ
Puente Guayabal 25 29.0 ND 0.058 ND
Anacaro 25 ND ND ND ND
May 2011
La Balsa 10 ND ND ND ND
Puente Hormiguero 10 ND ND ND ND
Juanchito 10 ND ND ND ND
Puerto Isaacs 11 112.0 ND 0.224 ND
Paso de la Torre 11 ND ND ND ND
Mediacanoa 12 ND NQ ND NQ
Puente Guayabal 12 44.0 172.0 0.088 0.344
Anacaro 12 ND ND ND ND

1 LOD =0.0046ng/l and LOQ =0.0154ny/l; 2LOD = 0.0101ny/l and LOQ =0.0337ny/l
5.2.4 AnnAGNPS model

The Annualized Agricultural Ne#oint Source pollution model (AnnAGNPSYUSDA
ARS, 2006 is based upon the single event model, AGNF8ung et al., 1989 which
simulates notpoint pollution from agricultural watersheds to surface watAr
comprehensive description of all routines used in the model can be found in the

AnNnAGNPS manual(Bingner et al., 2001 The model was built as a series of
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interconnected modules by integrating different models #iaiulate the hydrology,
sediment, nutrient (nitrogen and phosphorus) and pesticide transport along the watersheds.
The model operates on a daily time step using a cell approach by dividing the watershed
into grid cells according to the specified degregesolution. This cell approach enables
analyses at any point in the watershed. Pollutants including pesticides are transported from
cell to cell in a stepwise process. The cells and the stream network are generated from a
digital elevation model of the watshed by using the TOPAGNPS, which has a set of
modules from the topographic parameterization program (TOPAZ) that provides all the
required topographic informatiofGarbrecht and Martz, 1995The resulting topographic

data can begisualized in tabular and GIS formd&ingner et al., 2011

The simulated hydrology in AnnAGNPS includegerception, evapotranspiration and
surface runoff. The runoff is simulated using the soil conservation service (SCS) curve
number (CN) methodUSDA, 1986. The soil moisture balance is simulated for two
composite soil layers, located above (up to 20 cm from the surface) and below plough depth
(Bingner et al., 2011 Erosion is calculated using the revised universal soil loss equation
(RUSLE) (Renard, 199y

Pesticide transport is simulated using a modified version of GLEAM®nard et al.,

1987 where pesticide mass balance is calculated on a daily step for each cell and dividing
the chemical in two phases, dissolved in the solution pligse (g/l) and adsorbed in the

soil phase @), using a simm@ linear adsorption isotherm. Pesticide transfer in the runoff is
calculated usind=quation5-1 whereC,, is the runoffavailable pesticide concentration in

the surface soil layer in mg/kg ar@lis the soil mass peunit of overland flow, kg/l
(Leonard et al., 19897

Equation51 06 O 0O O

AnNnAGNPS also allows the simulation of any number of pesticides without accounting for
any interactions between them. Information about management practices in the watershed
can be provided for each cell in the model which alkows the simulation of the spatial

and temporal variation of the behaviour of contaminants.

Modelling such complex and large catchments as the geographical valley of the River

Cauca, requires a model able to simulate high variability of spatisstsibuted
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information. The AnNNAGNPS model provides this possibility for soil and land use data as

well as the use of meteorological data from different stations along the catchment.

5.3 Methodology

The AnnAGNPS model version 5.41 was used for the first time unddontian
conditions to simulate the fate of atrazine and simazine in the geographical valley of the
River Cauca in the Valle del Cauca Departmértails on data acquisition, modelling

methodology, model evaluation and analysis are described below.
5.3.1 Data acquisition

Information for use in deriving model input parameters for the study area was gathered from

different sources.

91 Daily weather data from six meteorological stations along the watershed including
Palmasola, Candelaria, Guacari, ICA, Univalle anduyal stations as well as pan
evaporation class A and maximum and minimum temperature data for Univalle station
for 2010 and 2011 werprovided by the Institute of Hydrology, Meteorology and
Environmental Studies of Colombia, IDEANDEAM, 201139.

1 Soil properties information and spatial data includswg and land use vector maps
(1:50,000 scalefor the geographical vallefflat area of the catchmentjere suppéed
by the local environment agency (Corporacion Auténoma Regional del Valle del Cauca,
CVC) (CVC, 2011ad, 2003.

1 A digital elevation model for the south west region of Colombia was obtained from the
CGIAR-CSI SRTM 90m Database v4(Jarvis et al., 2008

1 Pesticide application rates were gathered from the information sheets of the commercial
formulation(Inveragro, 2013Nufarm, 2012 Calister, 2011Proficol, 1991 1979.

5.3.2 Digital elevation model preparation

The digital elevation model (DEM) was ppeocessed using Arc Hydro 2.0 for ArcGIS 10
(ESRI, 201) before its use in AnnAGNPS-igure5-4). The general sequences of terrain
pre-processing wer followed, including stream enforcement by burrof the main river
network using a river coverage DCW (Digital Chart of the World) map for Colombia
(ESRI, 1992. Stream enforcement modifies the DEM surface allowing a more accurate
representation of the stream routing which is particularly important for an accurate

calculation of the streams in flat terrain such as in the valley (Bwéar and Springer,
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2000. Afterwards, the watersheds for the Valle del Cauca were calculated and those

hydrological response units draining to the River Cauca were selected as the study area

(Figure5-5).

Elevation

Value
— High . 5234

B Low 10

—— Rivers
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Kilometers
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Figure 5-5 Calculation of the watershedBat comprise the River @ea in the Valle del Cauca
department using Arc Hydrd@.he administrative area and rivers of the Valle del Cauca department

are also shown.

5.3.3 Study area and watershed delineation

The study area corresponds to a main river length of 303 km and a drainagé 8&38
km? in the geographical valley between the CVC monitoring stations of Puente Hormiguero
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(W 76A280636.50, N 03A1860.50) and Anacar c

were defined as the catchment inlet and outlet in the model, respe(igrre5-6).

P study area

Monitoring stations
La Balsa

Puente Hormiguero
Juanchito

Puerto Isaacs
Paso de la torre
Mediacanoa
Puente Guayabal
Anacaro

NGO —~O 8

0 1530 60 80 120
s e Kilometers

Figure 5-6 Map of the studied watershed of the River Cauca in the Valle del Cauca (study area) and
the CVC monitoring stationsThe administrativearea of the Valle del Cauca department is also
included

The preprocessed DEM was used in the TOPAGNPS module of the AnnAGNPS model to
generate grid data with topographic information to delineate the watersheds of the study
area and to calculate the streametwork Figure5-7). The values for critical source area
(CSA) and minimum source channel length (MSCL) were set to 600 ha and 2000 m,
respectively, which divided the watershed into 1410 cells. Then, the AGNP® A was

used to fill the cell and reach databases generated by TOPAGNPS. The process comprise
the interception of the soils, land use and climate maps. The resulting cell and reach
databases were then used together with all the other input parag@setion5.3.4 to
execute the simulation. Outputs were selected to provide water and pesticide information of
each monitoring station along the catchment; relevant information consisted of runoff flow

and pestiide loads to each of these points and to the catchment outlet.

241



5. Modelling pesticides in the valley of the River Cauca using the AnnAGNPS model

Figure 5-7 Generated watersheds (cells: 1410) and stream network (reaches: 567) of the study area
including the location of the monitoring stms. The catchment outlet is located in Anacaro.

5.3.4 Model parameterisation

The AnnAGNPS model requires over 400 input parameters distributed in 34 modules
(Bingner et al., 2011 The following sections describe only the relevant input data and
project preparation for the simulation of pesticide emissions to surface water in the studied

area.

5.3.4.1 Weather data

AnnAGNPS allows the use of weather data from multiple meteorological stations in the
catchment. The weather information used in the modsgipriseddaily precipitation data

for six meteorological stations along the studied area, namely Palmasola, Candelaria,
Gueari, ICA, Univalle and Cabuyal statiorSigure5-8).
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