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Chapter 1

Geo-referenced Environmental Risk Assessment,
the GREAT-ER Project

The work described in this thesis was conducted in the framework of the GREAT-ER project
(Geography-referenced Regional Exposure Assessment Tool for European Rivers). The objective
of this international project was to develop a tool to accurately predict chemical exposure in the
aguatic environment, for use in environmental risk assessment. As the techniques which are
currently used to assess regional exposure do not account for spatial and temporal variability, and do
not offer realistic predictions of actual concentrations, they are merely applicable on a screening
level. In GREAT-ER, a software system was developed to predict concentrations of ‘down-the-
drain’ chemicals (e.g. detergents) in surface waters in a more realistic and accurate way. To reach
this objective, a Geographic Information System (GIS) was used for data storage and visualization,
combined with adequate mathematical models for the prediction of chemical fate.

1. Introduction

1.1. Safety Aspects of ‘Down-the-Drain’ Chemicals

During the past decades, households have become more and more dependent on consumer
chemicals for hygiene and comfort. In first instance, the main safety aspects of these chemicals are
related to the potential dangers they may pose to the consumer, either through normal use or through
abnormal or accidental contacts with the products.

After consumption, many of these chemical substances are discharged ‘down the drain’ into
domestic sewage (e.g. Woltering et al., 1987). During their conveyance through sewers and
purification in waste water treatment plants (WWTPs), they may be transformed or eliminated by
severa chemical, biological or physical processes. However, a fraction of the chemicals - or their
transformation products - may pass through the waste water infrastructure, and be discharged into
surface waters. Another fraction can be retained in waste water treatment sludge, and may hence
end up in agricultural soil or landfills, and later be transported to ground water. Y et another fraction
may volatilize and undergo atmospheric transport, fate and deposition processes.
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Here, two more aspects of chemical safety arise. As spent ‘down-the-drain’ chemicals can reach
several compartments of the environment, they may pose a risk to the individual organisms present
in these compartments, and to the functioning and the structure of the ecosystems as a whole.
Moreover, the ‘technological environment’ of biological waste water treatment systems may also be
at risk, due to inhibition of the purification processes. Second, the chemicals may enter the human
food chain or drinking water supplies through these environmenta compartments (ECETOC,
1994a). This way, they may pose a risk to a population which is larger than the individual
consumers only.

An overview of the different safety (and risk) aspects of ‘down-the-drain’ consumer chemicals is
shown below, in Figure 1.1.

RISK RISK RISK
""""""" . chemical .| waste water _|environmental «- q
consumption "| infrastructure "|compartments «fiiq g
man organisms

and ecosystems
Tlﬁ“ﬁ‘ < food chain |«
T RISK

Figure 1.1. Safety aspects of ‘down-the-drain’ consumer chemicals (schematic)

1.2. Environmental Risk and Exposure Assessment

The goal of comprehensive risk assessment is to estimate the likelihood and the extent of adverse
effects occurring in man, animals or ecological systems from possible exposure(s) to substances
(Feijtel et al., 1997). In this thesis, only the environmental part of chemical risk assessment is
considered. The determination whether a substance presents a risk to organisms in the environment
Is based on the comparison of a predicted environmental concentration (PEC) with a predicted no
effect concentration (PNEC) to organismsin ecosystems (ECETOC, 1993). Such assessment can be
performed for different compartments (e.g. air, water and soil) and on different spatial scales (local,
regional). For application within European Union chemical legislation, this is further captured in a
number of European Commission documents (EEC, 1993, 1994a, 1994b), and implemented in the
European Union System for the Evaluation of Substances EUSES (Vermeireet al., 1997).

The basic environmental risk assessment scheme is given below in Figure 1.2 (after ECETOC,
1993). Environmental risk assessment typically consists of 3 main steps:
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On the exposure side, a prediction is made of the chemical concentrations in the environmental
compartment(s) of concern (ECETOC, 1994b). Hence chemical emissions and releases have to
be estimated, as well as chemical fate and distribution. The result of such an exposure
assessment is a PEC (Predicted Environmental Concentration).

On the effects side, the potential impact of the considered chemical on representative organisms
isquantified. Generally, data obtained from ecotoxicological tests are extrapolated, to result in a
PNEC (Predicted No Effect Concentration).

Finally, the obtained PEC and PNEC values are compared. If the ratio PEC / PNEC is below 1,
the chemical is considered safe under the proposed or current usage pattern. If on the other
hand PEC / PNEC is higher than one, safety can not be guaranteed, and a refinement of the
assessment is needed.

Prediction of Ecotoxicological
Emission and Release Effects Data

Y Y

Prediction of
Fate and Distribution

\ PEC

.
N

Risk Assessment

Extrapolation

Figure 1.2. Environmental risk assessment process (schematic)

Reliable data on release and emission and reliable physico-chemical data of the substance are key
elements for the calculation of relevant PECs for the different environmental compartments. Since
the use of more detailed information on the chemical’ s release in a specific catchment or region may
result in a significantly lower predicted environmental concentration, refinement of exposure -
rather than effects - will generally be preferred when arisk assessment needs to be refined (Feijtel et
al., 1997).
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2. Exposure Assessment

The objective of exposure assessment is (1) to identify the relevant environmental compartments
which are of concern for a specific chemical, and (2) to provide information about the resulting
steady-state concentrations of that chemical in the different compartments. The effect of transport,
dilution and transformation processes on the distribution and concentration of chemicals in the
different environmental compartments may be predicted by means of mathematical fate models
(OECD, 1989; ECETOC, 1992), it may be assessed using simulations in experimental laboratory
setups, or - if possible - it may be directly measured in the environment (ECETOC, 1993).

2.1. Current Methods

Exposure estimations can refer to either a regional or a local situation. A regional exposure
assessment takes into consideration the fate, transport and distribution of a chemical into different
media (air, water, soil and biota) away from the source of emission. Regional PECs can be used as
predicted ‘background’ levels, on top of which site-specific emissions may occur. A local exposure
assessment focuses on the environment close to the source of emission (e.g. waste water effluent)
and assesses maximum exposure levels (i.e. ‘local’ realistic worst-case estimates). The decision
whether aregional or local assessment is most appropriate depends on the use and release pattern of
a substance (Feijtel et al., 1995).

2.1.1. Regional Exposure

As ‘down-the-drain’ chemicals are typically dispersively used and emitted into the environment, the
prediction of regional exposure is arelevant risk assessment tool for these substances. Currently,
generic multimedia models are used for regional exposure prediction within the EU risk assessment
schemes (EEC, 1993, 1994a, 1994b; Vermeireet al., 1997).

Multimedia models have been developed to estimate fate and behavior of a chemica in the
environment on a large (regional) scale. They give an idea of the mass balance of a chemica and
identify the compartment(s) in which it tends to partition. They have been introduced for evaluative
purposes; they do not exactly represent the real but rather a generic environment which may help
understanding the fate and behavior of a substance (ECETOC, 1992). In these techniques, the
concept of a ‘unit world’ evaluative environment (first proposed by Baughman and Lassiter, 1978)
is applied. Thisis supposed to represent the actual environment on a large scale. It is divided in
several interconnected compartments with specified volumes (e.g. air, water, soil, sediment,
suspended solids and aquatic biota) (Figure 1.3). Within each compartment, the chemical is
assumed to be evenly distributed. Several definitions for such a generic environment have been
proposed (e.g. Mackay et al., 1992; ECETOC, 1993; RIVM et al., 1994). In the definition by
Mackay et al. (1992), the ‘unit world’ has an area of 100,000 km?, an atmospheric height of 1,000
m, and water surface area of 10,000 km? (hence 10% of the total area) with a depth of 20 m.
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Figure 1.3. Multimedia 'unit world' evaluative environment

Multimedia fugacity chemical fate models are used to predict the environmental partitioning or
removal of the chemical within the ‘unit world’, and its concentrations in the different
compartments (Mackay, 1991). Four classes of these models exist (Mackay and Paterson, 1981):

Leve |: equilibrium and steady-state are assumed, and transformation of the chemical is not
taken into account. Level | models help in identifying the ‘target’ compartments which may
have to be studied more extensively.

Level 11: equilibrium and steady-state are also assumed, but next to this chemical transformation
and advection are considered..

Level I11I: since the rate of transfer between compartments is taken into account, not equilibrium
but only steady state is assumed. Level 111 models are built around a system of equations, one
for each compartment, which describe all inputs and outputs for each compartment. These
models present a more accurate estimate of chemical quantities and concentrations in each
environmental compartment, and of the chemical’ s persistence.

Level IV: non-equilibrium and non-steady state are assumed. Level IV models alow prediction
of the time required for the chemical to disappear from the environment once its use has ceased
or, dternatively, the time needed to reach steady-state when chemical releases are continuing.
These models use the same set of equations as Level |11, but because of the non-steady state
assumption, solution becomes more complicated. The use of these models is only
recommended for estimating the disappearance of chemicals from the environment (ECETOC,
1992).
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The concept of fugacity, which drives these models, is well explained in Mackay & Paterson
(1981). Fugacity f can be regarded as the ‘ escaping tendency’ of achemical substance from a phase.
It has units of pressure (Pa). In the atmosphere, fugacity is usually equal to the partia pressure of a
substance. f can be related to concentrations C using a fugacity capacity constant Z, with units of
mol.m=.Pa™:

C =7 xf [1.1]

The fugacity capacity Z quantifies the capacity of the phase for fugacity. At agiven fugacity, if Z is
low, C is aso low, and only a small amount of substance is necessary to exert the escaping
tendency. Substances thus tend to accumulate in phases where Z is high, i.e. where high
concentrations can be reached without creating high fugacities. Z depends on temperature, pressure,
the nature of the substance, and the medium in which it is present. Its concentration dependence is
usually very limited at high dilutions (which istypical for environmental contaminants).

If there is contact between two phases, equilibrium of a substance will be reached when the
fugacities are equal. From this, it can be derived that the dimensionless partition coefficient
controlling the distribution of the substance between both phases is merely the ratio of their fugacity
capacities.

2.1.2. Local Exposure

Local air, water and soil models are designed to complement regional models, in order to refine the
prediction of actual substance concentrations for the compartment of concern, near the source of
emission. An overview of existing local fate and exposure models is given in ECETOC (1992).
Local models can be used to estimate maximum (initial) levels, and to quantify temporal and spatial
variations in concentrations at some distance from the emission, taking into account the relevant
fate processes (ECETOC, 1994b).

2.2. Limitations of Generic Regional Exposure Assessment Methods

Representing the environment in the form of ‘unit world’ models constitutes a large simplification.
An important drawback is that these models compute only one concentration value for each
compartment, whereas actual concentrations in the environment vary spatially and temporally
(Mackay & Paterson, 1981). Measurements indicate that this variation may range over several
orders of magnitude (ECETOC, 1988). Hence, these models are only suited to provide an
indication of concentrations in places far away from the source of emission. Therefore, their
quantitative results must be used with care (ECETOC, 1992).

Furthermore, in assessments using generic evaluative environments, regional averages or default
environmental characteristics are used, rather than geographically referenced specific information.
A typica example which is important for ‘down-the-drain’ consumer chemicals, is the connection
degree to domestic WWTPs. In the default European Union case (EEC, 1994b) a connection to
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treatment of approximately 70% is put forward, hence leaving 30 % of the discharges untreated. As
spatia or temporal variability in environmental characteristics, river flows, degrees of treatment or
chemical emissions are not taken into account, the obtained results are not redlistic, and are
therefore only applicable at screening level (European Science Foundation, 1995).

In Figure 1.4, it is illustrated how PECs are influenced by the connection degree to waste water
treatment and by chemical removal efficiency in such treatment. In this example, chemical removal
was varied between 80% and 99.9%, the WWTP connection degree was varied between 50% and
100%, the raw sewage chemical concentration was 1 mg/L, and dilution in receiving water was by a
factor 10 (assuming instantaneous and complete mixing). It is clear that with 70% waste water
treatment (cf. the generic EU case) PECs are much higher than under a situation with > 90%
connection. When an average treatment degree is used as the default for an entire region, the
resulting high PECs are used for risk assessment in areas where treatment is nearly complete as well
as areas where no treatment exists.

PEC
(hg/L)

X
% Connection to 08 99.9%
—

% Removal in WWTP
treatment

Figure 1.4. PEC as a function of % treatment and removal efficiency

Previous and current legislation and industry strategies have stressed the importance of a high,
almost complete remova of consumer chemicals in WWTPs. In a situation where waste water
treatment is incomplete, the importance of this very high removal (> 99%) becomes less significant,
as even small percentages of directly discharged waste water cause high increases in environmental
concentrations. Thus, under these conditions efforts to develop readily biodegradable consumer
product ingredients are in part negated by the absence of adequate waste water treatment facilities.
Environmental risk and river quality will largely be affected by direct discharges, instead of treated
discharges of municipal treatment plants (Feijtel et al., 1997).
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It is obvious that the current generic exposure assessment approach causes two problems. For
chemicals which are highly removed in WWTPs, there is a large over-estimation of regional PECs
in the majority of EU waters, where treatment is adequate and wide-spread. This will lead to
environmental risk assessments which are too conservative. On the other hand, for so-called ‘hot
spots’, where no or limited treatment exists, the estimates of regional exposure are expected to be
too low. Risk assessments using these PECs can hence not be positioned in respect to the protection
goals and ecological quality objectives for the specific ecosystems.

A more detailed regional PEC calculation for geographies with a high connection to waste water
treatment should result in more realistic (and lower) PEC values, which correspond better to the
actual measured environmental concentrations. For the “hot spots', a more detailed approach will
lead to the calculation of a realistic worst-case PEC, which will be significantly higher than the
‘average' regional PEC. Present knowledge about the effects of direct untreated discharges of
individual chemicals on the freshwater environment is limited (e.g. Cowan & Masscheleyn, 1997).
Typically, no discrimination can be made between the effects of the chemical and of the untreated
sewage itself. It istherefore questionable whether the accepted chemical risk assessment procedures
can be applied with any confidence in these situations.

2.3. Geo-referenced Regional Exposure Assessment

Realism in regional exposure assessment can only be further introduced by verification of the
underlying assumptions of the applied fate models, and by taking into account the specific structure
and properties of the receiving environment as well as specific information on the waste water
treatment infrastructure (Feijtel et al., 1997). However, the use of specific, geo-referenced
information is fundamentally in conflict with the concept of a generic evauative environment.
Hence, a geographically referenced regional exposure assessment methodology is required to
improve regional PEC estimation compared to the current generic approach.

2.3.1. Geo-referenced Evaluative Environments

For several regions, the ‘unit world concept has been applied in a geo-referenced way. In this
approach, large geographical entities (such as countries) are divided into smaller regions, for which
the generic environmental parameters are replaced by specific data. Examples are France
(CHEMFRANCE: Devillers et al., 1995), Canada (CHEMCAN, applied in e.g. Mackay et al.,
1996), and Denmark (Severinsen et al., 1996). Although the accuracy of these region-specific
applications of the ‘unit world’ concept is generally higher compared to the generic methods, they
still have to deal with the same fundamental drawbacks as the | atter.

-1.8-



Geo-referenced Environmental Risk Assessment, the GREAT-ER Project

2.3.2. Regionalizing of Local Exposure Assessment

Another method of including a geographical aspect in regional exposure assessment, isto develop a
regional exposure prediction by means of local exposure models. To achieve this, aregion isto be
split up into a large number of interconnected ‘local’ environments, for all of which local PECs are
to be calculated. Inthe ROUT model (Rapaport and Caprara, 1988), information about the location
and emissions of individual WWTPs is combined with data on river flows. As this model is linked
with several pan-USA databases, geo-referenced chemical fate simulations are possible which result
in aquatic PECsfor all main riversin the USA (Caprara and Rapaport, 1991). The ROUT approach
has also been applied to the river Rhine (Hennes and Rapaport, 1989). In the US-EPA water quality
assessment model BASINS (Whittemore, 1998), a simple river dilution and fate model for
performing screening-level assessments of toxic pollutants (TOXIROUTE) was combined with a
GIS (Geographical Information System), to allow visualization of geo-referenced predicted
exposure in rivers. A simplified simulation of individual chemical fate is aso possible in the GIS-
based water quality model NOPOL U (Béture-Cérec, France).
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3. The GREAT-ER Project

The work described in this thesis (see section 4 of this chapter) was mainly conducted in the
framework of the GREAT-ER project. To Situate this work, a description of the entire project is
given in this section.

The GREAT-ER project (Geography-referenced Regional Exposure Assessment Tool for European
Rivers) (Feijtel et al., 1997; Matthies et al., 1997; Boeije & Schowanek, 1997) aims to refine PEC
calculations of ‘down-the-drain’ consumer chemicals in the aquatic environment. A new fate
simulation concept was developed to obtain more reliable predictions, which are to be applicable at
a higher risk assessment tier than the current methods. Geo-referenced ‘real’ datasets are applied
instead of generic or average values. To account for temporal variability and uncertainty, PECs
were defined as statistical distributions. Predicted concentrations can be visualized and (spatially)
analyzed by means of a Geographic Information System (GIS).

Compared to the existing GIS-linked chemical fate models (see higher, 2.3.2), GREAT-ER is more
advanced. It is specifically dedicated to chemical fate simulation and allows the use of more
complex and detailed fate models. Its built-in analysis tools are focused on environmental exposure
assessment and PEC calculations. Finally, it allows to perform uncertainty and variability analyses.

3.1. Modular Approach

The project was approached in a modular way (Figure 1.5):

Geographical Data Methodology - input data sourced from several data bases (and from the
hydrology module) were transformed into appropriate GIS formats, including geographical
segmentation

(work performed by the Institute of Environmental Systems Research, University of Osnabruick,
Germany)

Hydrology - several hydrological databases were combined with a hydrological model, to provide
the GREAT-ER system with the required flow distributions and river characteristics

(work performed by the NERC Institute of Hydrology, Wallingford, UK)

Chemical Fate Modeling - prediction of chemical emission, of transformations during
conveyance and treatment, and of chemical fate in rivers, resulting in geo-referenced frequency
distributions of predicted concentrations

(work described in thisthesis)
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GIS / Modd Integration - access to and visualization of the data banks and modédl results was
achieved, as well as the linking of the models with the data banks

(work performed jointly with the Institute of Environmental Systems Research, University of
Osnabrick, Germany)

Monitoring - to provide the specific environmental measurements required for model calibration
and corroboration

(work performed by a task force of the European Center for Toxicology and Ecotoxicology of
Chemicals - ECETOC, the UK Environment Agency, and the University of Milan, Italy)

Chemical Emission + Hvdrological D
Waste Water Pathway Data yeliofeeles el
I *

GIS Hydrological

Data Processing Model
Hydrological
Data Collation

full GIS
Waste Water Chemical desktop
Pathway Data GIS OUTPUT

Main Rivers
Data

Y
Waste Water
Pathway Model
River
X

A

< MONITORING =

Figure 1.5. GREAT-ER project: modular approach

3.2. Geographical Data Methodology

3.2.1. Scope and Scale

A blueprint system (‘ prototype’) was developed, and applied to 2 main pilot study areas: in northern
Europe: UK, Yorkshire Ouse (15,000 km?), and in southern Europe: Italy, Lambro (sub-catchment
of the Po, near Milan) (1,000 km?). Next to this, GREAT-ER was aso applied to the Itter, Rur and
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Untermain (Germany), and the Rupel (Belgium). The ultimate objective is to implement the
GREAT-ER system for the entire European Union.

The blueprint system is scale-independent. The scale is only determined by the scale of the used
geographically-referenced data bases. Hence, one specific area can be modeled at a small detailed
scale or at alarge, less detailed scale. Based on the pilot study area experiments, an optimal range
of geographical scales for the pan-European application will have to be determined. Typically, such
an optimal scale will represent a compromise between data availability, model complexity and
desired accuracy.

3.2.2. Geographic Information System (GIS) Data Processing

A GIS approach was used for data storage and visualization. This allows an easy data access by the
fate models, and user-friendly interactions. Moreover, it allows spatial analysis and interpretation of
model results. A flexible, data-driven approach is followed. The general data structure is based on
digital river networks. Both river properties and information on waste water discharges (and
emission) are related to river stretches, which are geo-referenced within a network.

For the transformation of various input data sources, specific GIS data conversions and
transformations were to be applied (Wagner & Matthies, 1997). The software ARC/INFO (OESRI,
Redlands, Ca., USA) was used for this purpose. Geographical segmentation was also performed
using thistool.

3.3. Hydrology

3.3.1. Digital River Network and Hydrological Data

Pan-European river network data can be sourced from the CORINE large scale digital rivers. For
the UK pilot study area, the required information was obtained from the Micro Low Flows
(o NERC-Institute of Hydrology, Wallingford, UK) database. For the Lambro, detailed river
networks were digitized from base maps. Flow distribution curves were derived from time-series
flow measurements. These are characterized by their mean and 5™ percentile (defined as Q95, the
flow which is exceeded in 95% of time). The measured flow information was entered into the
geographically referenced hydrological data bank. The principal source of measured pan-European
flow data will be the European FRIEND databases, the EEC CORINE river flow database, and the
GRDC (Global Runoff Data Center).

3.3.2. Hydrological Modeling

For ungauged river stretches, hydrological model results were used to complement flow data in the
hydrological data bank. There is a considerable variation in the behavior of river flows across
Europe, depending on climate, physical catchment properties, and artificial influences. A
quantitative hydrological model, based on existing methods (Gustard et al., 1992) was used for flow
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predictions. These methods were adapted to incorporate seasonality of low flows, local hydrometric
data, and different hydrological situations.

In general, a step-wise approach was applied: (1) the average annual runoff and a local estimate of
mean flow were calculated from a simple water balance model, where the catchment average values
were estimated from maps; (2) the flow distribution curve was derived: characterization of the
catchment low flow response by a multivariate regression model, derivation of a dimensionless flow
duration type curve characteristic for such low flow response, and re-scaling of the selected curve by
the local estimate of mean flow.

Flow velocities were derived from a statistical relation with flow characteristics (Round et al.,
1998). Velocities are required for the calculation of the hydraulic residence time in ariver stretch,
and hence for the estimation of in-stream-removal of chemicals.

3.4. Chemical Fate Modeling

3.4.1. Deterministic Models

Mechanistic chemical fate models were applied (Boeije et al., 1997). These describe the behavior /
removal of chemicals in the main compartments of the technosphere and the ecosystem. A
distinction was made between chemical sorption, volatilization, biological degradation, non-
biological degradation, etc. The fate kinetics for these different processes were estimated from
physical / chemical and biological properties of the considered substances, and from relevant
environmental parameters.

The chemical fate model consists of two main sections: (1) a waste water pathway model, used to
estimate the emission of chemicals, their transport and fate through the waste water conveyance
system, and their removal in treatment plants (e.g. Struijs, 1996); and (2) ariver fate model, which
isused to calculate PECsalong ‘main’ rivers (e.g. Trapp & Matthies, 1996).

3.4.2. Stochastic Aspects

By means of Monte Carlo simulation, a stochastic layer was added on top of the deterministic fate
simulation core (e.g. NRA, 1990). This deals with the inherent variability of the environment
(seasonality: flow distributions, temperature, wind speed,...) and parameter uncertainty (e.g.
uncertainty on chemical consumption, on physical/chemical properties,...). Variability and
uncertainty may be captured in statistical frequency distributions. In each Monte Carlo ‘shot’,
discrete samples are taken from these distributions, and used as input for the deterministic fate
models. This hybrid approach finally results in statistical distributions of predicted concentrations
for each river stretch.
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3.5. GIS / Model Integration

The (standardized) GIS data banks and the chemical fate models were integrated into one coherent
simulation system (Wagner & Matthies, 1997). Statistical and spatial analysis tools can aso be
integrated. Data transfer between the GIS and the models can be performed by means of direct or
indirect coupling. In the latter approach, a GIS / Model Interchange Server (GMIS) is used to
generate the appropriate model input data formats from the data banks, and to convert simulation
results back to a GIS format (Figure 1.6).

Chemical Environmental, Demographical and Technological Information
Market Data
SCENARIOS,
DISTRIBUTIONS

. HYDROLOGICAL
MODEL

l v Spatial Data Processing (ARC/INFO GIS OPERATION)

User Input ¢

A\

Chemical
Properties

Standardized Geo-referenced Database
(coverages and attributes) Arc/Info data format

Catchment Properties, Demography, Chemical Data, Waste Water Pathway Fate and Quality,
Runoff, River Network, Hydrology, Water Quality River Fate and Quality

[ ]
GIS-MODEL INTERCHANGE SERVER (GMIS) ]
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Figure 1.6. GREAT-ER project: GIS / model integration methodology

For the end-user software, the desktop GIS ArcView version 3.0a (O ESRI, Redlands, Ca., USA) was
applied. From this easy-to-use front end, simulations can be launched, input data can be reviewed,
and results can be visualized and interpreted (Wagner & Matthies, 1997).
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3.6. Monitoring - Calibration and Verification

3.6.1. Monitoring Program

Linear Alkylbenzene Sulphonate (LAS) and Boron (B) were used as test chemicals. LAS is a
biodegradable surfactant used in consumer detergents, which mainly enters the environment via
domestic waste water discharges. The mgjority of Boron in the freshwater aguatic environment is
coming from detergents. Since B is chemically inert and water soluble, this chemical can be used as
a convenient tracer. For both analyses, well validated analytical methodologies are available.
Particular attention was given to ensure that samples taken for LAS determinations were adequately
preserved and stored prior to analysis.

Frequency distributions (time series) of environmental concentrations were measured at severa
locations in the British and Italian pilot study areas (Holt et al., 1997). Additional studies were
performed to analyze the fate of the test chemicalsin trickling filter sewage treatment works (Holt et
al., 1998). LAS removals during activated sludge waste water treatment have been reported
elsewhere (e.g. Waters & Feijtel, 1995; Holt et al., 1995). Experiments to determine the in-stream
removal of these chemicalsin rivers were also conducted (Fox et al., submitted).

3.6.2. Calibration and Verification

Concentrations in water were calculated using the developed simulation system, and were compared
to measured values. Initially, monitoring results were used to calibrate and fine-tune the modeling,
to improve the predictive power. Finaly, they served to test the reliability of the predictions. An
initial target accuracy factor of less than 5 was aimed for within the scope of geographical exposure
and risk assessment (Feijtel et al., 1997). This desired accuracy factor should be positioned against
the much lower accuracy obtained with the generic multimedia models (of which the predictions
may differ from monitoring data by severa orders of magnitude), and aso against the high
variability which is encountered in the environment.

3.7. Summary

The output of GREAT-ER is adistribution of geo-referenced predicted concentrations, on a regional
level, including seasonality and / or uncertainty. The chemical-specific input data for the model are
the physical/chemical and biochemical parameters, together with geographical consumption patterns
or market data. Required environmenta information was taken from available geography-linked
databases. For the storage and the access of the mgjority of these data in a user-friendly format, and
for results visualization and analysis, a Geographic Information System (GIS) was used.

The final deliverable of this project is a software prototype of the exposure assessment tool. This
prototype is applicable globally, and was calibrated and validated for a number of pilot study areas.
The resulting PC software was made freely available (under license agreement).
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4. Overview of this Thesis

The work described in this thesis was mainly conducted in the frame of the GREAT-ER project. A
geo-referenced exposure simulation methodol ogy was developed and implemented in an appropriate
software system, which could be linked with the GIS user interface and data base. Chemical fate
models of different complexity levels were selected, and if necessary adapted or newly developed.
In this thesis, only novel aspects are dealt with; for a complete description of the model selection,
reference is made to the GREAT-ER user manual and technical documentation (ECETOC, 1999).
Finally, to increase the practical applicability of geo-referenced exposure assessment, a technique to
obtain spatially aggregated PECs was worked out and tested.

This thesis can be split up into three main sections. (1) methodology; (2) measurement and
prediction of chemical fate; and (3) analysis (Figure 1.7). The methodology and analysis sections
are at the highest ‘hierarchical level’, and are an integral part of the GREAT-ER concept. Section
(2), on the other hand, is situated at the more detailed level of individual chemical fate processes.

METHODOLOGY ANALYSIS

GREAT-ER « development of methodology (2)

« hypothetical case study (3) * PEC calculation (10)

MEASUREMENT + PREDICTION
OF CHEMICAL FATE

» Waste water treatment
- activated sludge with nutrient removal (4, 5)
- trickling filter (6, 7)

* Rivers (8)

» Sewers (9)

detailed chemical
fate analysis

Figure 1.7. Overview of this thesis (chapter numbers between brackets)

Methodology

A new exposure assessment methodology was worked out and implemented. The development of a
geo-referenced aquatic exposure prediction methodology for ‘down-the-drain’ chemicals is
presented in chapter 2. Steady-state deterministic chemical fate models were combined with a
Monte Carlo simulation to obtain statistical frequency distributions of predicted concentrations in
the aguatic environment. Issues related to uncertainty and variability are only briefly discussed, as a
complete uncertainty analysis was outside the scope of this thesis. The new simulation approach
was tested by means of a hypothetical (but realistic) case study, which illustrated its practica
applicability and independence of scale (chapter 3).
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Measurement and Prediction of Chemical Fate

This section deals with measuring and modeling environmental fate of ‘down-the-drain’ chemicals
in the three main steps of their aquatic fate pathway: sewers, waste water treatment plants and
rivers. Measurements were only conducted for the surfactant LAS, as this was the GREAT-ER
project’s main test substance. Although the presented fate models are in principle applicable to any
chemical they could only be tested for LAS. Hence, to examine their validity for other substances
(e.g. volatile compounds) additional research will be required.

The new developments in environmental fate modeling reported in this thesis mainly focus on the
use of site-specific information rather than generic parameters (such as ‘typical’ waste water
treatment plants or ‘typica’ rivers). This way, it was attempted to increase the realism of the
exposure predictions. The new or adapted fate models can find their application in geo-referenced
exposure assessment in general, and in GREAT-ER in particular. However, the presented models
may also be useful to increase the realism of non-geo-referenced exposure evaluations using generic
evaluative environments,

The standardized Continuous Activated Sludge (CAS) laboratory test system (OECD, 1993) and the
mathematical fate model SimpleTreat (Struijs, 1996) are used to routinely assess the elimination of
substances in activated sludge waste water treatment plants. The effects of biological nutrient
removal processes (BNR) on chemical fate are not included in the CAS test nor in SimpleTreat. As
BNR is rapidly gaining importance in waste water treatment practice, a number of modifications
were worked out. The adaptation of the CAS test to include BNR processes is described in chapter
4. The performance of two modified test units, which were fed with an improved synthetic sewage
(developed as part of this study), was monitored and compared with model simulations. Similarly,
the SimpleTreat model was modified to increase its applicability to BNR plants (chapter 5). The
adaptations focused on an improved description of sludge recycling and on the presence of different
redox zones in the biological reactor. Two updated models were applied to the bench-scale
WWTPs developed in chapter 4, and confronted with measurements of LAS removal in these
systems.

The development and operation of a pilot-scale high-rate trickling filter waste water treatment plant
and removal measurements of LAS in this system are presented in chapter 6. Asfor trickling filters
no standardized chemical fate model existed, a new fate model was developed based on the steady-
state non-equilibrium approach used in SimpleTreat in combination with an existing biofilm model
(chapter 7). To test this model, it was applied to predict the fate of LAS in the lab-scale test unit,
and to two full-scale domestic trickling filtersin Y orkshire (UK), for which LAS removal had been
monitored within the GREAT-ER project (Holt et al., 1998).
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In chapter 8, modeling chemical fate in rivers was worked out, supported by artificial river
experiments. To predict the in-stream biodegradation, a mathematical model was developed which
considers both biofilm and suspended biomass activity. To calibrate this model for LAS,
experimental data were obtained in a small lab-scale artificial river system. The model was further
tested by comparing its predictions to a detailed field study in the Red Beck, a small Y orkshire river
(Fox et al., submitted).

A tentative fate measurement of biodegradable surfactants in the sewer system is presented in
chapter 9.

Analysis - calculation of Predicted Environmental Concentrations (PEC)

The direct results of GREAT-ER simulations are digital maps with predicted concentrations for
individual river stretches. As this output may contain too much local detail for practical risk
assessment applications and decision making, a spatial aggregation is desirable. In chapter 10, the
development of new PECs based on the spatial aggregation of local predicted concentrations is
discussed, as well asissues related to scale-dependency and stretch selection. Tests for 2 pilot study
catchments (Calder and Went, Y orkshire, UK) are also presented in this chapter.
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A Geo-referenced Aquatic Exposure Prediction
Methodology for ‘Down-the-Drain’ Chemicals

acondensed version of this chapter was published as:

Boeije, G., Vanrolleghem, P. & Matthies, M. (1997). A geo-referenced aquatic exposure prediction
methodology for ‘down-the-drain' chemicals (Contribution to GREAT-ER #3). Water Science and
Technology, 36(5), 251-258.



Chapter 2

A Geo-referenced Aquatic Exposure Prediction
Methodology for ‘Down-the-Drain’ Chemicals

A geo-referenced simulation methodology for the prediction of aquatic exposure to individua
‘down-the-drain’ chemicals (consumer chemicals which mainly enter the environment via the
domestic waste water route, e.g., detergents) was developed. This method uses real-world data,
including their spatial and temporal variability. It results in statistical frequency distributions of
predicted concentrations in the aguatic environment. A stochastic / deterministic simulation
approach is used. Steady-state deterministic models, which describe chemical fate, form the
system’s core. A stochastic (Monte Carlo) simulation is applied on top of this. From chemical
market data, combined with information on the location of consumers and their emission habits,
geo-referenced domestic chemical emissions are predicted. These emissions are further processed
in sewer and treatment models, to obtain predicted chemical fluxes to rivers. The emission fluxes
are entered into a river model, resulting in (geo-referenced) predictions of chemical concentrations
in the considered river systems.

1. General Simulation Approach

To deal with statistically distributed inputs and outputs, a hybrid simulation approach is used,
involving both stochastic and deterministic techniques. The model core is deterministic. By means
of Monte Carlo simulation, a stochastic layer is added on top of this core. A large number of
‘shots’, which are discrete samples from the distributed data set, are generated. For each distributed
input parameter, there exists a discrete counterpart in the ‘ shot’, which was sampled at random from
the input distribution. For each of these ‘shots', the deterministic model is called, which contains a
mechanistic description of the considered processes in the rivers and in the waste water drainage
areas. Process rates are derived from knowledge about chemical properties and process specifics.
Finally, the (discrete) results from each ‘shot’ are statistically analyzed, to obtain distributed results
as simulation output.

For reasons of model and data set smplicity and computation performance, only steady-state model
formulations are applied. Hence, a number of fundamental assumptions are made: (1) constant
chemical emissions: diurnal patterns in product and water consumption are disregarded, as well as
variations between different days of the week; (2) constant flows within each steady-state model
calculation run; (3) constant environmental properties.
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To dlow a straightforward mass-balancing approach, al determinands (chemical levels, water
flows) are expressed as fluxes. Chemical mass fluxes F (mass/time) are applied to describe
chemical loads. Water flows are expressed as volumetric fluxes Q (volume/time). In the models,
chemical concentrations C (mass/volume) are not used, because they are not independent of water
flows, and they do not describe chemical transport. Chemical mass fluxes, on the other hand, are
independent of dilution or flow (unless this dependency is implicitly included in the models which
are used to calculate chemical mass fluxes). When concentrations are explicitly required, they are
derived from the chemical mass fluxes and the hydrological volumetric fluxes. C=F / Q.

Simulations can be performed for different scenarios (i.e., evaluations of different chemicals and
chemical consumption patterns). The simulation input consists of a scenario-independent and a
scenario-dependent data set. These data are expressed as statistical frequency distributions,
incorporating seasonality and parameter uncertainty. Environmental characteristics are constant,
and hence non-scenario-dependent. These include the river network structure, flow and flow
velocity distributions, discharge point locations, treatment plant information, emission data,
properties of sewers and small surface waters, etc. Chemical-specific information is scenario-
dependent: chemical properties (i.e., biological, chemica and physical properties, specific process
rates,...), and chemical market data (i.e., per capita product consumption rates). Market data are
geo-referenced in the same way as the waste water information (i.e., related to waste water
discharge points).

The simulation input data are expressed as statistical frequency distributions. This allowsto include
both seasonality effects and parameter variability and/or uncertainty into the ssmulation input. For
river flows and flow velocities, the lognormal distribution is used (after NRA, 1995). For
hydrological information this distribution is described by the mean and the 5" percentile. In the
case of flows, there is a 95% probability that the 5 percentile low flow (also referred to as Q95) is
exceeded: P(Q>Q95) = 0.95.

The simulation results are frequency distributions of chemical concentrations, incorporating
temporal variability. For risk assessment purposes, these can be expressed as lognormal
distributions, defined by their mean and 95" percentile values. Predicted concentrations are geo-
referenced in the same way as the input data set: river concentrations are associated with a river
network structure, and waste water drainage area concentrations are associated with discharge
points. Within one location, a further differentiation is made between the maximal predicted
concentrations (i.e., upon discharge), the minimal predicted concentrations (i.e., after degradation
processes), and an ‘internal’ average value. For the calculation of the latter, specific algorithms
have to be provided in the deterministic models.

-22-



A Geo-referenced Aquatic Exposure Prediction Methodology for ‘Down-the-Drain’ Chemicals

2. Segmentation

2.1. General

A strict segmentation is applied at al levels (Figure 2.1). Geographies are divided into geographical
segments, which are connected in parallel or in series. In each geographical segment, one or more
processes occur. Each process further consists of one or more sub-processes. Each sub-process has
an input and an output terminal. Input and output operations, as well as model calculations, are
performed at the sub-process level.

Processes can be independent from each other (e.g., different emission types), or they can depend on
upstream processes (e.g., treatment, which depends on emission). Independent processes are
connected in paralel, while dependent processes are connected in series. The sequence of the
different processes is upstream to downstream. Sub-processes are used to describe several options
which can be followed within one process. For each flow fraction, only one option can be selected
(e.g., in waste water treatment: either treated or untreated). It follows that within a process,
different sub-processes are always independent from each other and hence connected in paraldl.

segment
/? -7 process |—pm| process -
segment PR in < sub-process -out
S process |-—| process in out
segment S oo

Figure 2.1. System segmentation at different levels (geographical vs. process)

A river system is represented by means of a digital river network, which consists of an
interconnected set of ‘main river’ stretches. The segmentation is determined by the occurrence of
homogeneous environmental conditions and constant flow distributions within each stretch, and by
the location of discharge points. The selection of ‘main rivers depends on the applied geographical
scale (see below). With each waste water discharge point into the river, a waste water drainage area
is associated, where chemicals are emitted, transported and possibly removed. The total drainage
area of ariver is segmented into Geographic Units (GU), each of which represents the drainage area
of one discharge point, and is associated with oneriver stretch (Figure 2.2).

Hence, a geographical segment consists of ariver stretch, and - if a discharge occurs - a Geographic
Unit. All waste water drainage area processes upstream of a discharge point, are lumped into a
single GU. These processes can bereal (e.g., asingle treatment plant) or hypothetical (e.g., multiple
untreated domestic discharges grouped into a single ‘ aggregated discharge’).
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————— segment

————— segment

————— segment

segment

Reality Model
Figure 2.2. Geographical segmentation methodology used in GREAT-ER

The modeling and simulation methodologies, as well as the GIS data methodology, are scale-
independent. In the upscaling process (i.e., moving from a smaller, detailed scale to a larger, less
detailed scale), multiple discharge points can be aggregated into single (hypothetical) discharges,
several smaller rivers are no longer considered as ‘main rivers, but are transferred to the waste
water discharge model and aggregated into a single (hypothetical) ‘small surface water’. In the
large scale approach, the mouth of a small rivers catchment into a large river is represented by a
discharge point. Hence, for different scales, only the geo-referenced data set is different; the applied
models are identical. In Figure 2.3, asystem ismodeled at a small (left) and at alarge scale (right).
In this example, a complex system of ‘main rivers' is used for the small scale, each with individual
waste water discharges. In the large scale approach, the system is reduced to a single ‘main river’
with a single discharge point.

26
i Ay, S

Small Scale Reality Large Scale

Figure 2.3. Geographical scale flexibility (illustration)

2.2. Geographical Database Structure
A set of five separate databases are used to store al required geo-referenced information:

a river database, in which river stretch specific information is stored (e.g., flow and flow
velocity)

a waste water pathway (discharge) database, which contains information about the GUs
(population, sewer network) and links to the information about treatment infrastructure,
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a river class database, which contains data that are specific for groups of rivers, but not for
individual stretches,

a WWTP database, in which treatment plant specific data are stored, and

an emissions database, with information about market data and non-domestic emissions.

The river network segmentation is the ‘backbone’ of the geographical data structure. Each river
stretch which receives waste water is directly related to its GU, as the same identification code is
used for both. Each river stretch belongs to one specific river class, of which the identification code
is known in the river database. Each waste water discharge segment is associated with an emission
data point. If aGU contains a WWTP, then thereisalink to the WWTP database.

The following example clarifies this data structure concept. The catchment shown in Figure 2.4
consists of two rivers. a main river, divided into 6 segments, and a tributary, divided into 2
segments. There are 3 waste water discharge points. a large city (AS waste water treatment,
segment 5), afirst small city (TF waste water treatment, segment 3), and a second small city (TF
waste water treatment, segment 8). Suppose that several river classes have been defined, and that
the main river (segments 1..6) belongs to river class 1, and the tributary (segments 7..8) to another
river class 3. Assume that we have exact information on the activated sludge plant (AS) in segment
5, but no exact information on both trickling filter (TF) plants. Further, assume that chemical
market data for the entire catchment belongs to the emission category 2. The associated data
structure, with the links between the different databases, is shown below in Figure 2.5.

i)
O

N\

LE]

Figure 2.4. Data structure example (catchment)
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Figure 2.5. Data structure example

3. Deterministic Model

In environmental exposure assessment, several applications are related to ‘new’ chemicals, of which
the safe use isto be assessed. Since these chemicals are generdly still in a development phase, or
have not been marketed yet, environmental concentration measurements, which are required for
statistical modeling (e.g., Helsel and Hirsch, 1992), can not be obtained. Hence, knowledge-derived
deterministic models need to be applied. In such models, the chemical, physico-chemical and
biological properties of a substance are combined with the properties of the receiving environment
and with information about emissions, to predict the environmental fate and distribution of the
substance (Feijtel et al., 1995).

In the deterministic model, all geographical segments are sequentially simulated (upstream to
downstream). For each segment, the influent (from upstream segments) is calculated; if required
the waste water pathway simulation is performed; the ‘main river’ processes are simulated; and
finally the effluent (flowing to downstream segments) is cal cul ated.
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3.1. Segment Selection

A recursive tree-walking algorithm is used to find the correct segment sequence. The algorithm
climbs up into the river network from the most downstream segment (i.e., the root of the tree), until
the most upstream segments (i.e., the leaves of the tree) are detected. At confluences, both upstream
directions are climbed, one after the other. At bifurcations, the upstream climbing is ended if the
upstream part has already been climbed before, i.e.,, when coming from the other side of the
bifurcation. Next, the network is again descended. Each segment which is encountered during the
descent is selected and simulated. This way, influent data (from upstream) are always available to
downstream segments. An example of the selection methodology is shown in Figure 2.6 (the
numbers indicate the sequence in which the segments are called for ssmulation).

3 [end of tree] [end of tree] 1
4 ] [ 12

7 [ bifurcation || bifurcation] 5

L T

8 [ ] [confluence] 6

\/

9 [confluence

|

10
Figure 2.6. Sequential segment selection

3.2. Influent and Effluent Calculation

Segment influents and effluents are discrete values, as they are only required within each ‘shot’.
For the influent, only chemical fluxes are calculated. Each segment’s influent flow is set to the
segment’s ‘main river’ flow, which is taken as such from the (hydraulically consistent) geo-
referenced data set. In the ‘normal’ case (with only one upstream segment), a segment’s influent
chemical mass flux is set to the upstream segment’s effluent. At a confluence, complete and
instantaneous mixing is assumed, hence the influent is equal to the sum of the upstream effluents.
At a bifurcation, the upstream segment’s effluent is split into two fractions, proportiona to the
(known) river flows in each stretch downstream of the bifurcation. The effluent of a segment is
identical to the effluent of the segment’s *‘main river’ stretch. Hence, no effluent calculations are to
be performed as such.

-2.7 -



Chapter 2

3.3. Individual Process Modeling Concept

3.3.1. General

Each process model exists at two levels: at the detailed process rate calculation level, and at the
conceptual segment level. At the detailed level, different models can be used in different software
implementations. At the conceptual level, described in this chapter, the model format is
implementation-independent. Models are considered as ‘ open boxes', each of which applies to one
sub-process. The general model expression for one determinand within each sub-processis:

Xout =a XXin + b [21]
with a chemica conversion factor

b emission value

Xin sub-process input value

Xout sub-process output value

Emissions and conversion factors are obtained at the detailed model level. At this level, several
model formulations (e.g., Monod or first-order kinetics describing biodegradation) and solution
algorithms (e.g., analytical or numerical) can be applied. Emission models are described by one
emission value for each determinand. Their output is this set of emission values. Obviously, no
input is required. Chemical fate is smulated by means of transport / conversion models. These are
described by the chemical removal fraction R, which is calculated at the detailed model level. A
ground water leakage fraction L can also be applied. L is part of the sub-process outflow
fractionation, taken as such from the geo-referenced data set. The input vector of a transport /
conversion model, as well as the output vector, is a set containing a value for each simulated
determinand.

3.3.2. Waste Water Pathway Model

The waste water pathway model is used to predict the properties of discharges into ‘main river’
stretches. It consists of both emission and transport / conversion processes. A (simplified)
overview of what is meant with the ‘waste water pathway’ concept is given below in Figure 2.7.
The waste water pathway model focuses on the fate of ‘down-the-drain’ chemicals. These
consumer chemicals are (mainly) emitted via the domestic sewage pathway. After use in the
households, they are flushed down the washing machine's drain, the kitchen sink, the bathroom
drain, or the toilet. Next to these domestic emissions, industrial and / or agricultural emissions may
occur in exceptional, site-specific and chemical-specific cases. Emission to water by land runoff is
very unlikely.
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Figure 2.7. Waste water pathway of ‘down-the-drain’ chemicals (illustration)

Three types of chemical emission into the waste water pathway are considered:

- domestic emission (blackwater, i.e., chemicals together with sanitary waste; and greywater, i.e.,
chemicals discharged separately);

- non-domestic emission (industrial and agricultural); and

- land runoff.

Five transport / conversion processes are considered along the pathway:

- domestic on-site treatment (e.g., septic tanks);
- sewers (combined sewers or separate sewers);
- waste water treatment;

- ground water leakage; and

- small surface waters.

Process interconnection

The outflow of each sub-process is split into a number of fractions, each of which is connected to
one downstream sub-process. One or more downstream steps can be ‘skipped’, e.g., a domestic
emission outflow fraction can be connected directly to the ‘main river’ discharge point. Emission
processes are always at the most upstream level - they do not receive any inflow. The sequence of
the transport / conversion processes is. on-Site treatment ® sewer ® treatment plant ® ground
water ® surface water. The architecture of the interconnection between processes is identical for
each segment. The (simplified) interconnection for domestic waste water pathway processes is
shown in Figure 2.8.
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Figure 2.8. Domestic waste water pathway process interconnection within a segment (simplified)

3.3.3. River Model

The river model is used for the ‘main river’ processin all ssgments. The model’sinflow is the sum
of the segment influent (from upstream segments) and the segment’s waste water discharge (if
applicable). The river model is atransport / conversion model, without leakage step. Water flows
are not simulated but are taken as such from the geo-referenced data set. Hence, the process is
completely determined by the chemical removal fraction, which is obtained at the detailed model
level (e.g., Cowanet al., 1993a; Trapp & Matthies, 1996).

3.4. Calculation Approach

For each determinand (i.e., flow, chemical flux, etc.), the system of steady-state model equations for
an entire segment consists of one equation [2.1] for each sub-process. The system can be expressed
as.

X, = A xX, +B, [2.2]
with:

A (square) transport/conversion matrix for determinand i, with elements a'y,

B, emission vector for determinand i, with elements by

X state variables vector for determinand i, with elements x'

The vectors X; and B; are partitioned per process, within a process per terminal, and finally within a
terminal per sub-process (e.g. sewer - outputs - combined sewer). The process sequence in the
arrays is from upstream to downstream; the terminal sequence is first input, then output. Hence,
determinand values at a specific sSituation are only dependent of values at more ‘upstream’
situations. Consequently A; is alower triangular matrix with zero-diagonal. In A; the element aik,| is
the conversion factor of x' to Xx. Inan input to output conversion, this represents the non-removed
fraction. In a transport step, this is the fraction of X' (upstream output) which is sent to X'
(downstream input).
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Emission values are taken as such from the B; vectors, hence the A; rows referring to emissions are
all-zero.

The A; rows referring to transport/conversion inputs are partitioned into:

- afirst set of columns (relating to upstream processes), which contain the upstream outflow
fractions directed to the current process; and

- asecond set of columns (relating to the current and to downstream processes), which is all-zero.

Outputs only depend on the (sub-)process inputs. The A; rows referring to these outputs are

partitioned into:

- afirst set of columns (relating to upstream processes) which is all-zero;

- asecond set (relating to the inputs of the current process) which is a diagonal matrix, with the
input to output conversion factors for each sub-process on the diagonal; and

- athird set of columns (relating to the outputs of the current processes and to further downstream
situations) which is again all-zero.

The equations can not be solved using matrix inversion:

with: I the unity matrix [2.3]

X, =(1- A) "8
as in some cases the elements of the A; matrices may only be obtained as the calculations proceed.
Valuesin A; at row k may be derived from (previously calculated) values of any determinand in any

upstream process:

a,, =f (xi_,k_l,--- : xf_,k_l) with: m = the number of determinands [2.4]

Hence, a sequential solution (from the ‘top’ of the system to the ‘bottom’, or in other words. from
upstream to downstream) is required:

-1

X' =@ al, . +b with: | varying from 1 to the total number of rows [2.5]
k=1

4. Stochastic Aspects

4.1. General

The stochastic simulation takes into account seasonality of the determinands or parameter
uncertainty. Seasonadlity deals with maor environmental variation throughout the year(s).
Parameter uncertainty deals with the difficulties to estimate model parameters, and with the inherent
variability in specific processes.

By means of Monte Carlo simulation, discrete ‘shots of the data and parameter set (e.g. flows,
process parameters, market data,...) are generated. With these discrete values, the entire geography
is simulated, using the deterministic model (Figure 2.9). In particular, discrete segment inputs and
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outputs are applied. The main advantage of this approach, is that no correlation analysis between
flows and chemical fluxes is needed. In an aternative approach (NRA, 1995), individual Monte
Carlo simulations are performed for each segment. Hence, segment inputs and outputs are
distributions. As flow and chemical flux are not necessarily independent, the correlation between
them must be known to allow correct Monte Carlo sampling. However, for ‘new’ chemicals, this
information may not be obtainable.

Input Monte Carl Discrete ‘Shot Deterministi
Pt . onte Carlo |yt Discrete ‘'Sho eterministic
Distributions (all segments) Model
Results +
Distributions < Statistical Results) g [ Discrete Result
(PEC) ' |

Stochastic Deterministic

Figure 2.9. Stochastic simulation concept used in GREAT-ER

4.2. Seasonal Variability: Flow Scenarios

In each river stretch, a range of flows can occur, due to (seasonal or non-seasonal) variations in
weather and climate. The probability of each individual flow within this range is given by the flow
distribution, which is approximated by a log-normal distribution (NRA, 1995). This distribution is
typically described by its mean flow and 5™ percentile flow (Gustard et al., 1992).

A flow scenario is defined as a percentile from a flow distribution. In the scenario with flow
percentile P, the flow associated with the P" percentile of its distributions will occur. Flow
scenarios exist both at the river level and at the waste water pathway level. A correlation may exist
between segments (i.e., from upstream stretches to downstream stretches), and within segments (i.e.,
between waste water flows and river flows). Other parameters - such as river flow velocity, depth,
water quality, etc. - are also correlated to flow and are hence related to the flow scenario. River
flow may also be correlated to weather parameters such as temperature and wind speed.

A total correlation is assumed for flow percentiles between segments as within one Monte Carlo
shot, asingle flow scenario is applied to all river stretches. For each shot, a flow percentile valueis
sampled from a uniform distribution U(0,1), from which the flows and flow velocities in al
segments are derived. This assumption does not imply that the same flow percentile occurs
simultaneously in each segment; it means that the flow percentile ‘follows the water flow from
upstream to downstream. For very large river systems, the validity of this approach may be limited.
When different climatological circumstances occur simultaneously along the river’s length, flow
percentiles between upstream sections and far away downstream sections may be uncorrelated. A
(hypothetical) example of such a system is given in Figure 2.10. In late spring, flows may be very
high in the mountains due to snow melt. In the same season, low flows may occur in the continental
region due to along dry period, while average flows may be found in the coastal region.
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A~ N

alpine climate continental climate  sea climate

Figure 2.10. Climatological differences in large river systems (example)

Within segments, the correlation between the waste water discharge flow and the ‘main river’ flow
is to be specified in the data set. For large rivers, it will generally be assumed that these flows are
uncorrelated. Dry weather waste water flow is obviously independent of the ‘main river’ flow. Wet
weather flow in combined sewers depends on short-term rain events, rather than longer-term
climatological conditions. One can expect the highest chemical fluxes to occur at high waste water
flows (e.g. due to treatment plant bypassing and combined sewer overflows). Hence, for chemical
risk assessment, the uncorrelated approach is probably the most appropriate, as it does not overlook
this worst-case scenario (high chemical loads combined with low river flows). For small rivers, on
the other hand, correlation of river flows with waste water discharge flows may become significant.

4.3. Uncertainty and Variability Analysis

4.3.1. Types of Uncertainty and Variability

The stochastic simulation in GREAT-ER deals with the major environmental variabilities
throughout the year(s) (especially focusing on river flows and climate) and the intrinsic variability
of parameters. Alternatively, it can also deal with parameter uncertainty within a fixed (i.e., non-
variable) scenario. Within the discussed simulation approach, four kinds of uncertainty and
variability can be discerned (Figure 2.11):

- Parameter Uncertainty and Variability. In reality, parameter values may vary considerably both
in time and in space, due to natural variability. Next to this, the actual parameter values and/or
distribution shapes are not known exactly. This uncertainty and/or variability may lead to
uncertainty and/or variability in the model results.

- Model Uncertainty. The applied model equations are not a full and completely correct
description of reality. Moreover, in the case of a geo-referenced model, the geographical
structure and segmentation of the simulated system may contain errors or strong simplifications.

- Simulation Uncertainty. In practice, the number of Monte Carlo shots is limited, due to the
required computation time. However, to obtain ‘perfect’ distributions, an infinite number of
shots would be needed. Even with more efficient sampling methods, the results distribution will
always be an approximation of the ‘true’ distribution. Next to this, specific mathematical /
numerical errors may occur during simulation.

-2.13-



Chapter 2

- Measurement Uncertainty (for model corroboration). The number of environmental samples,
which are used to develop temporal and spatial distributions of concentration, is necessarily
limited. Hence, the resulting measured distributions will only be an approximation of the true
distributions. Moreover, sampling and analytical variability will introduce further noise.

DATA
——> @ SIMULATION RESULTS
parameters,
inputs
A
model
corroboration
Model Simulation
Parameter Uncertainty Uncertainty
. \ 4
Uncertainty
MEASUREMENTS
Measurement
Uncertainty

Figure 2.11. Types of uncertainty encountered in GREAT-ER (schematic)

In the example below (Figure 2.12), the shift and the difference in shape between the true
environmental concentration Cgny and ‘ideal’ predicted concentration Cprep distributions can be
due to both parameter uncertainty and to model uncertainty. The fact that the real environmental
concentration Cgny is a distribution rather than a single value, is due to natural variability. The
|atter also determines (or at least influences) the shape of the measured € gny and computed C prep
distributions. Simulation uncertainty can be seen by comparing the ‘perfect’ Cprep With the Monte
Carlo simulationC prep. Measurement uncertainty is illustrated by the difference between the ‘real’
Cenv and measured € prep.

In the stochastic simulation method described in this chapter, only parameter variability or
uncertainty are dealt with. Hence, neither model and simulation uncertainty, nor measurement
uncertainty are analyzed in the calculations.
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REALITY MODEL
Cepy (real) — — = Cprep (perfect simulation)
fl oo Ceyny (Measured)  ----- Crrep (Monte Carlo)

mg/L

Figure 2.12. Measurement and predictive uncertainty (example frequency distributions)

4.3.2. Variability versus Uncertainty
Four classes of parameters can be defined, based on their degree of variability and/or uncertainty.

Fixed Parameters. These parameters are constant in redlity (i.e., they never change over time or
space). Moreover, their exact value is known. Hence, these parameters have no statistical
distribution. Typical examples are constants that are defined by laws of nature (e.g., the
universal gas constant R).

Known Variability. These parameters have a natural variability in the environment. The exact
shape of their distributions is known, as well as the exact parameter values. Hence, the
uncertainty is negligible. Assuming that perfect measurements are available, a river flow
distribution built from avery long time-series of flow data could be an example of this class.

Uncertainty. Some parameters are constant in reality (cf. the fixed parameters). However, their
exact value is not known. Their statistical distribution represents this uncertainty. An example
Is the connection degree to waste water treatment in a specific area.

Uncertainty and Variability. These parameters show a natural variability in the environment,
just like the ‘known’ variability parameters. But, neither the exact shape of ther true
distribution nor the exact parameter values are accurately known. Hence, the parameters used to
describe the distributions of these parameters are distributions themselves. An example could
be river flow distributions predicted by a hydrological model.

-2.15-



Chapter 2

Variability analysis

One of GREAT-ER’s objectives is to provide high and low percentiles next to mean predicted
concentrations. The resulting frequency distribution at one point in a river represents the natural
variability of concentrations which is predicted to occur at that location. Such variability analysis
can be performed by means of a Monte Carlo ssimulation where all parameter variability is captured
in the parameters frequency distributions, and where the correlation between different parameters
has been accounted for. The resulting mean and percentile predicted concentrations are in
themselves point values, without any information about their confidence limits.

Uncertainty analysis

An uncertainty analysis can not be conducted simultaneously with a variability analysis using the
same Monte Carlo simulation (Ellis, 1998a). If the parameter frequency distributions include both
uncertainty and variability, this merely increases the spread of the distribution. It gives no extra
information about the confidence limits of the mean predicted concentration, and it gives an
under(over)estimation of low (high) percentiles. To conduct a combined uncertainty and variability
analysis, a two-stage approach is required (e.g. Cohen et al., 1996). In a first Monte Carlo
simulation, uncertainty is dealt with. For each uncertain parameter a point value is sampled from its
uncertainty frequency distribution. After thisfirst Monte Carlo stage, a realization of the parameter
set has been created which is no longer influenced by uncertainty. This set is subsequently used in a
second variability Monte Carlo smulation. Finally, mean and confidence limits can be obtained for
mean predicted concentrations as well as for high and low percentiles. In a simplified way, this
method was implemented by Ellis (1998b) in the GUAV A approach.

A tentative theoretical uncertainty analysis for GREAT-ER simulations was worked out by Galoch
et al. (1998).

5. Simulation Software Design

The general software structure is shown in Figure 2.13. The simulator consists of the three sections:
Control Section, Data I/O Section and Model Section.

5.1. Control Section

The Control Section consists of two different hierarchical levels. In Level 1, the Monte Carlo
simulation is performed. First, the input parameters are obtained (by calling the Data I/O Section).
Second, a number of Monte Carlo simulation shots is generated. For each shot, a random *flow
percentile’ scenario is determined, discrete values are sampled from each parameter’s distribution,
and Level 2 of the simulation is called. After the Monte Carlo loop, the distribution parameters of
the results (e.g. mean and standard deviation) are calculated, from the ‘summary information’
provided by Level 2, and the ssmulation output is stored (by calling the Data I/O Section).
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Level 2, the Segments Loop level, applies to one discrete shot of the parameters set, which was
generated in Level 1. All segments are sequentially simulated, from the river network’s source to its
mouth. Influent data are prepared for each selected segment (from the interface variables), the input
parameters associated with the current segment are selected, and the current segment is simulated
(by caling the Model Section). After the segment’s simulation, its ‘summary variables are
calculated (WWTP influent and effluent concentration if applicable; river concentrations. start of
stretch, end of stretch, average value in stretch). Finally, the summary variables distribution
moments, which are needed to calculate the distribution parametersin Level 1, are updated.

G
i
]

|| DATAI/O ||

| N
CONTROL
[ @ata & parameters distributions
| L
| E
| \%
E
| Monte Carlo simulation L
- (generation of parameter
[ calculation of & input data shots) 1
| results distributions
| ]
| A
T R ]
| . y
sequential selection

| all segments all segments a of all ~_parameters & L

_____ ~ ~\summary variables interface variables ; input data shot for E
| geographical segments all segments v
[ E
| L
| calculation of selected segment’s 2

— seleqted segment input data &

| influent parameters
I
I

—jw MODEL
(se-quential selection
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Sub-proc. | ===t pocess 4—[
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Figure 2.13. General software structure of the GREAT-ER chemical fate simulator
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5.2. Data I/O Section

The Data 1/0 Section is called from the Control Section. It is mainly used to read and interpret the
input provided by the geo-referenced and non-geo-referenced data banks, and to write the output
back to a geo-referenced results data bank. Also communication with the user (either through alog
file or viathe user interface), and the processing of error messages are performed in this section.

5.3. Model Section

The Model Section is applied independently for each geographical segment. It is called from the
Control Section, from which it also receives al required input information and model parameters.
These represent a discrete case - no stochastics are incorporated here. The Model Section consists
of a Segment Control Section and one or more Processes. Each Process further consists of one or
more Sub-processes.

The Segment Control Section controls the simulation of an individual geographical segment. First,
it receives segment-specific input from the ‘main’ Control Section (see above). Then sequentially
all models applying to the different Processes and Sub-processes are called. Interface and summary
variables are calculated for the current segment, from the model state variables. Finaly, the results
(i.e., the interface and summary variables) are sent back to the Control Section.

In Processes, which relate to individual processes occurring in a geographical segment, process-
specific input is received from the Segment Control Section, and sequentially all the required Sub-
Processes (one or several, depending on the process) are called. Model calculations are performed
(i.e., emission or removal are calculated), and the results (i.e. the model state variables) are sent
back to the Segment Control Section.

Sub-Processes relate to individual sub-processes within a specific Process. Here, sub-process-
specific input is received from the associated Process, process rate calculations are performed, and
the results (i.e., sub-process removal efficiencies) are sent back to the Process.
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6. Concluding Remarks

A geo-referenced simulation method for the prediction of aquatic exposure to individual ‘down-the-
drain’ chemicals was developed. The fate of these chemicals, taking into account emission, sewage
transport, treatment and river processes, is ssmulated by means of deterministic models. The natural
variability, and/or the uncertainty in the required information, is dealt with via a Monte Carlo
simulation. Thisfinally results in statistical distributions of predicted concentrations, which can be
used for risk assessment.

A prototype of the presented simulation system was tested by means of a large sample data set,
containing 16,000 geographical segments. A 1,000 shot Monte Carlo simulation took less than 1.5
hours on a Windows NT workstation (Pentium, 150 MHz). Typical ssmulations for the GREAT-ER
pilot study catchments generally took less than 15-30 minutes. This indicates the feasibility of the
approach for detailed regional or large-scale pan-European simulations.
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Geo-referenced Prediction of Environmental
Concentrations of Chemicals in Rivers:
a Hypothetical Case Study
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Geo-referenced Prediction of Environmental
Concentrations of Chemicals in Rivers:
a Hypothetical Case Study

1. Introduction

For use within environmental risk assessment, a new tool for chemical fate prediction, GREAT-ER
(Geography-referenced Regional Exposure Assessment Tool for European Rivers), was developed.
In this chapter, the practical applicability of the GREAT-ER simulation methodology is illustrated
by means of a hypothetica but realistic case study. Temporal distributions of predicted
concentrations in the aquatic environment were calculated and analyzed. For the analysis of
seasonality (i.e., the variability of river flows through the year), the Monte Carlo simulation
technique was compared to a discrete ‘flow scenario’ approach. Finally, the scale-independent
character of the approach was investigated, by upscaling from a detailed to a larger geographical
scale.

The objectives of this hypothetical case study were: to demonstrate the practical applicability of the
GREAT-ER simulation approach, by modeling a virtual but realistic catchment; to analyze the
statistical distributions of predicted concentrations and to test the validity of the assumptions used in
the simulation approach; to compare the results of the Monte Carlo simulation approach with a
discrete flow scenario approach; and to investigate the options for upscaling the detail of a
catchment data set, from a small geographical scale to alarge (aggregated) scale.

2. Model Implementation

A simple implementation of the simulation approach described in Boeije et al. (1997) was
developed to perform this hypothetical case study. A ssimplified waste water pathway structure and
low-complexity models were selected, as the objective was to demonstrate the feasibility of the
approach and its general behavior, rather than to analyze the potential accuracy of the predictions.

2.1. Waste Water Pathway Structure

The following processes were considered: domestic emission, combined sewers, waste water
treatment, and the river. Within one segment, these processes were interconnected as shown in
Figure 3.1.
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Figure 3.1. Overview of processes within one segment

2.2. Models

2.2.1. Domestic Emission

Chemical mass fluxes were calculated from market data (product sold per person per year) and
population data. Domestic waste water flows (i.e. dry weather flows) were similarly derived from
daily water consumption and population.

F don _ 1000 o

1 9
=¢M x = xPo dom = = & x X
out % 365 >Q4 )GGOOg p Qout def g

=xXPop [3.1]
100024 36009

2.2.2. Combined Sewer

No chemical elimination processes in the sewer system were considered. The combined sewer flow
was assumed to be related to the (calculated) dry weather flow. A correction factor a was used to
derive the sewer flow from this dry weather flow. If a <1, leakages (out of the sewer) occur; if
a >1, the waste water is diluted by rainfal or by infiltration of groundwater. It was further
assumed that a can be described by alog-normal distribution. For the given hypothetical case, the
mean was set to 1.5, while the 5" percentile was set to 1. This implies that the mean combined
sewer flow is 1.5 times its dry weather flow, while the 5 percentile low sewer flow is equal to the
dry weather flow.

E isr(]ewer — Esver — | dom Q_sewer — ()sewer — a >def [32]

out out in — Nout

2.2.3. Waste water treatment

The treatment process consists of an untreated discharge model and a waste water treatment plant
(WWTP) model. Theinflows are calculated as shown below:

F iunntreat = F sewer xf

untreat — ~sewer
out untreat Q Xf

in — Nout untreat [ 3 3]

wwtp _ [ sewer wwtp _ ~Sewer
F in T F out ><fthp Qin - Qout ><.I:thp
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In the untreated discharge model, no chemical elimination or changesin flow were assumed:

treat _ treat treat _ treat
Fun rea = F:Jnn rea Qun rea = Qiun rea [34]

out out n

The WWTP consists of a bypass model and an actual treatment model. In the bypass model, a
plant’s maximal hydraulic capacity is assumed to be 3xQ,,, . Thetreated fraction is calculated as:

3
it Qp"" >3-Q,, then fuil, =% ese fog =1 [3.5]

The actual treastment model describes chemical elimination based on a given (chemical-specific)
removal percentage. Flow is assumed constant through the plant.

Fa® = F e of1- £ R, Qu® = Qe [3.6]

2.2.4. River

The chemical mass flux into a river was calculated as the sum of the different inputs. Flows were
not calculated, but were taken as such from the hydrological dataset (which was assumed to be
hydraulically consistent). Hence, no flow mass balancing was required.

F il‘r:VeI‘ = F river + F wwtp + F untreat Q_I‘IVE‘I‘ —_ river = QI‘IVE‘I‘ [37]

upstream out out in - out

A 1% order elimination model was applied to describe chemical in-stream removal (equation [3.8]).
Theriver stretch travel time was calculated from length and flow velocity. The latter was estimated
from actual and mean river flow, according to a method developed for English catchments by
Round & Y oung (1997), which is given in equation [3.9].

|
- . . - kx
river _— river - kXHRT>8600) _ river
I:out _Fin *x ¢ )_Fin x Y [38]
. 0.165
river 2
v =105 Qe )7 g 2 [39]
river
Qmean g

2.2.5. Calculation of Predicted Concentrations

Concentrations were calculated for waste water after the treatment step, and for the start (Cstart) and
the end (Ceng) Of each river stretch. Next to this, so-called ‘internal’ values were calculated for each
river stretch (Cinernal). These were defined as the average value of the exponential decay curve
between the maximal and the minimal value in the stretch, and calculated as follows in equation
[3.10] (for k* 0). Notethat Cinernal iSequal to Cgart When the decay rate coefficient is zero.
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2.3. Monte Carlo Simulation

By means of a 1,000 shot Monte Carlo simulation, the variability of the parameters mentioned in
Table 3.1 was incorporated into the simulation. The correlation between the river flow and the
combined sewer flow was assumed to be 0.6. This value was taken from the defaults used in the
SIMCAT model (NRA, 1995).

Table 3.1. Parameters used in Monte Carlo simulation

Parameter | Description Distribution | Correlation
to river flow
Qe river flow lognormal 1
Rinip chemical elimination percentagein aWWTP normal 0
a combined sewer flow correction factor lognormal 0.6

3. Description of the Hypothetical Case Study

3.1. Hypothetical Catchment

A hypothetical but realistic catchment was constructed, which consists of a main river and one
tributary. Along the main river, there are two large cities (A and B), which discharge their waste
water into the river, after treatment or untreated. The tributary runs through a rural area with
disperse population, which discharge their untreated waste water directly into the tributary. A
representation of this catchment is given in the left half of Figure 3.2. The right half of the same
Figure shows the applied segmentation. A schematic representation, including segments
identification numbers (Segment ID), is given in Figure 3.3. Segments containing a waste water
input were labeled with *D’. The river stretches and waste water discharge properties are shown in
Table 3.2. For al discharges, the per capita water consumption was assumed to be 200 L/cap.day.
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Figure 3.2. Hypothetical catchment (left: illustration - right: structure)
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Figure 3.3. Hypothetical catchment (schematic representation)
Table 3.2. River and discharge properties
River stretches Discharges

Segment ID Length Distance* | Meanflow | Q95flow | #people | % treated

(km) (km) (m/s) (m°/s) (cap) ()
Main river
100 10 10 66.00 49.50 - -
200 10 20 65.00 48.75 - -
300 10 30 64.00 48.00 750,000 50 %
400 10 40 63.00 47.25 - -
500 10 50 52.00 39.00 - -
600 10 60 51.00 38.25 - -
700 10 70 50.00 37.50 500,000 75 %
Tributary
510 25 65 10.00 6.00 - -
520 25 90 8.00 4.80 100,000 0%

* distance from the most upstream point of the stretch to the end of the catchment
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3.2. Hypothetical Chemicals

Two hypothetical chemicals were defined: a conservative chemical A and a degradable chemical B.
The chemical properties and market information are given in Table 3.3.

Table 3.3. Chemical properties and market data

Chemical A Chemical B
Product consumption 2 kg/cap.year 2 kg/cap.year
In-stream removal rate coefficient oht 0.069h™ (to5=10h)
WWTP elimination % 0%+0% 95%+ 5%

4. Results and Discussion

4.1. Predicted Concentrations

4.1.1. Main River Predicted Concentration Profiles

The main river predicted concentration profiles resulting from the hypothetical case simulation, are
shown in Figure 3.4.

The impact of the discharges of both cities is obvious. The tributary (at 40 km) results in a slight
decrease of the concentrations, which suggests that the tributary has a dilution effect on the main
river. The decrease after both cities is caused by increasing dilution and by in-stream-removal (for
Chemical B only).

4.1.2. Tributary

The mean and 95" percentile concentrations for the tributary mouth (and for the main river at the
same location) are given in Table 3.4 below.

Table 3.4. Tributary: predicted concentrations at the tributary mouth
(and in main river at same location)

Chemical A Chemical B
Tributary Main River Tributary Main River
Crnean (mg/L) 0.699 0.627 0.082 0.085
Cosile (mg/L) 1.082 0.816 0.086 0.109

The tributary’s dilution is sufficient to reduce its relative impact on the main river predicted
concentrations, as is shown for Chemical A. For Chemical B, concentrations are further reduced by
in-stream removal, and - even though the tributary receives the untreated waste water of 100,000
people - the tributary dilutes the main river.
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Figure 3.4. Main river predicted concentration profiles

4.1.3. Discharges of Cities A and B

The mean and 95" percentile concentrations and chemical mass fluxes for both cities are given in
Table 3.5 below.

Table 3.5. Discharges of Cities A and B: concentrations and chemical mass fluxes

Chemical A Chemica B
City A City B City A City B

Predicted concentrations C

mean (mg/L) 27.4 27.4 7.69 13.9
95%ile (mg/L) 62.3 62.3 17.7 32.0
Predicted chemical mass fluxes F

mean (9/s) 317 47.6 9.43 25.3
95%ile (9/s) 317 47.6 12.0 27.9
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For the conservative Chemical A, the concentration distributions are identical for both cities, as
these values only depend on - assumed identical - market data and domestic water consumption.
For Chemical B, the uncertainty of the mass fluxes can be explained by the variability of WWTP
removal and plant bypassing.

Plant bypassing occurred in 82 of the 1000 Monte Carlo shots. As this is above the 5% threshold,
the 95™ percentile concentrations of chemical B were influenced by these extreme flow events.

4.2. Analysis of Predicted Concentration Distributions (Chemical B)

For 3 locations in the study area, an analysis of the predicted concentration distributions of the
degradable Chemical B was made: the discharge (effluent) from City A, the mixing zone of this
dischargein the river, and the end of the catchment (segment 100) (see Figure 3.5).

Predicted concentration distributions are described by their mean and 95" percentile values. The
latter were obtained in 2 ways: (1) by assuming log-normality (using the method of moments), and
(2) by complete statistical analysis of the results dataset. Skewness of the distributions was aso
determined. (Table 3.6). These distributions are illustrated by the histograms in Figure 3.5, together
with their geographical locations.

Table 3.6. Description of predicted concentration distributions

City A City A End of
discharge mix. zone Catchment
Cean (mg/L) 7.69 0.193 0.226
Cosmile assuming log-normality (mg/L) 17.75 0.269 0.271
Cosuile from statistical analysis  (mg/L) 18.22 0.278 0.275
skewness - 2.37 0.76 0.39

The 95" percentile Cs calculated using the log-normality assumption corresponded well with the
true 95" percentiles. The skewness in the river was lower than in the discharge, due to leveling out
of high sewage concentrations by high river flows (the correlation between river and sewer flows
was 0.6). The lower skewness at the end of the catchment can be explained by leveling out due to
multiple discharges and the effect of in-stream removal.

A one-sample Kolmogorov-Smirnov test (SPSS Software version 7.5) for normality (on the
logarithms of the concentrations), using a significance threshold a = 0.05, showed that the log-
normality assumption for al three C distributions was valid.
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Figure 3.5. Predicted concentration distributions (histograms + geographical location)

4.3. Monte Carlo Simulation versus Flow Scenario Approach

An alternative to Monte Carlo simulation for dealing with flow seasonality, is the calculation of Cs
from discrete Flow Scenarios. In this case, one obtains a predicted concentration from a single
simulation at mean flow: C(Qm). From another simulation, at the 5 percentile flow, one obtains
C(Q95). Both calculation approaches were compared (using Cinernal Values). The relative difference
of the discrete Cs at these two Flow Scenarios and the corresponding Monte Carlo simulation Csis
shown in Figure 3.6.

Mean C and C at mean flow were very similar for all segments. In some cases, the predicted
concentrations at Q95 significantly under-estimated the 95" percentile C (10 - 15 % deviation).
From this, one can derive that the Flow Scenario approach can provide quick initial results
(especially for the means). For more detailed simulations, and especially for 95" percentiles, Monte
Carlo approach was better-performing. Note that for a complete uncertainty analysis, Monte Carlo
simulation is aso required.
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Figure 3.6. Relative difference between results of
flow scenario and. Monte Carlo approach

4.4. Spatial Aggregation

The entire catchment was represented by a single (aggregated) segment (Table 3.7). The river flow
was taken from the final stretch in the detailed approach (segment 100). The aggregated stretch
length was calculated as the weighted average (by population) of the distances from each discharge
to the end of the catchment. For the aggregated discharge, the number of people was equal to the
sum of al three discharges, and the WWTP connection degree was calculated as the average of the
discharges, weighted by population.

Table 3.7. Spatial aggregation: aggregated segment properties

river flow (m°ls) mean = 66.0
5" osile = 49.5

river length (km) 49.25

population (cap) 1350000

% connected to treatment ) 55.56 %

In Figure 3.7, the average and output C values are shown for the large scale approach, as well as the
corresponding small scale results. The small scale average values were calculated as the weighted
average (by stretch length) of the Cinternar in al stretches.
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Figure 3.7. Comparison of large scale versus small scale results

The large scale prediction for the catchment’s output C approximated the more detailed small scale
value within 12% (under-estimation). For the average predicted concentration of the entire
catchment, on the contrary, the large scale approach over-estimated the mean by 45% and the 95™
percentile by 36 %.

5. Conclusions

The GREAT-ER simulation approach allowed to analyze the impact of different discharges and
tributaries on the tempora and spatial distributions of predicted concentrations in a hypothetical
(but realistic) catchment. The resulting distributions were log-normal. For the prediction of 95"
percentile concentrations, Monte Carlo simulation was superior to the discrete Flow Scenario
approach. Also for acomplete uncertainty or variability analysis, Monte Carlo simulation is needed.
However, to quickly obtain initial results, the Flow Scenario approach may be useful. Finaly, it
was found that the GREAT-ER methodology allowed spatial aggregation of the simulated
hypothetical catchment, from asmall detailed scale to alarger scale.
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Adaptation of the CAS Test System and Synthetic
Sewage for Biological Nutrient Removal
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Adaptation of the CAS Test System and Synthetic
Sewage for Biological Nutrient Removal

1. Introduction

Accurate exposure predictions are required for the environmental risk assessment of chemicals.
Determining the degree of elimination in waste water treatment plants is a crucial step in the
environmental exposure assessment of down-the-drain chemicals. To predict such removal
efficiencies, chemical fate models or laboratory simulation tests can be used. Even if mathematical
models are employed, laboratory tests are needed to provide the data necessary for model
calibration. In this chapter, an adaptation to the standard OECD CAS (Continuous Activated
Sludge) test (OECD, 1993; 1S0, 1995) is presented, which incorporates biological nutrient removal.

In the scope of biodegradability testing of industrial chemicals, the EC directives 67/548/EEC
(CEC, 1967), 73/405/EEC (CEC, 1973) and their subsequent amendments specify the CAS test
system as one of the valid testing methodologies. The CAS system is probably the most widely
applied laboratory model for the simulation of activated dudge systems. Yet, many modern full-
scale wastewater treatment plants (WWTPs) can no longer be approached as a single aerated
reactor. The EU Urban Waste Water Treatment Directive 91/271/EEC (CEC, 1991) imposes
WWTP effluent criteria for nitrogen and phosphorus in nutrient sensitive areas. Full-scale
biological nutrient removal (BNR) designs such as the UCT, Biodenipho, Bardenpho, A/O, A2/0O
process, etc., are being built with increasing fequency (Bowker & Stensel, 1990). Alternatively,
existing plants are retrofitted for BNR (e.g. Matsché, 1987; Randall et al., 1992; Kayser, 1994).

An improved laboratory-scale WWTP simulation system in which BNR is included would permit to
routingly study the degree of elimination of industrial chemicals, their biodegradation pathway(s) in
the different compartments, and potential effects on plant operation. Two aspects are of particular
interest:

1) the presence of alternative electron acceptors in addition to oxygen may lead to other
degradation pathways and/or kinetics under anoxic/anaerobic conditions.

2) two additional essential biological processes take place, i.e. excess phosphorus uptake, and
biological nitrogen removal via nitrification/denitrification. This may imply an increased
sengitivity of the plant to inhibitory substances (Kroisset al., 1992, Strotmann & Eglsaer, 1995).
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In this chapter, two systems are evaluated and compared to the traditional CAS unit. In selecting
the test unit’s design, a number of factors were taken into account. The units were to be smple,
flexible, require little control, and be able to mimic most full scale plants built to meet the EU
Urban Waste Water Treatment Directive (CEC, 1991). To alow in-depth testing of the fate of
chemicals in activated sludge systems, they should also be fit for the use with radiolabeled test
compounds.

The OECD 303A protocol prescribes a synthetic sewage with a pre-established composition as
influent for the activated sludge units, whilst the latest 1SO 11733 protocol permits the use of real
sawage. Although the results obtained from units run on synthetic sewage are intended to be highly
reproducible due to a minimized variability of the medium, the opposite is often seen in practice.

Despite close supervision of the units, the peptone and meat extract based OECD synthetic influent
often leads to a number of operational problems, such as frequent sludge bulking (AISE-CESIO
report, 1990, unpublished). The OECD feed has also been criticized that it is not an accurate
reflection of real domestic sewage due to its unbalanced composition, and therefore may result in a
decline in microbia diversity in the system (Kaiser et al., 1997). Assuch, not all catabolic enzyme
systems normally present in an activated sludge community would be expressed. With the use of
real domestic sewage the above problems can generally be overcome. However, domestic sewage is
prone to strong temporal variationsin strength, and to occasional toxic pul ses.

Recognizing the advantages a synthetic sewage can have in principle, this chapter introduces an
improved type of synthetic sawage. The starting point for its development was that it should be a
better ssmulation of real (pre-settled) sewage than the OECD medium, and that it should reduce the
latter’s inherent issues. A key success criterion for this new synthetic sewage was that it should
sustain the operation of a broad range of pilot scale wastewater treatment plants (WWTPs),
specifically those with biological nutrient removal (BNR), since these systems will increasingly
need to be simulated in the laboratory.

2. Adapted Test Units

2.1. Test Unit Selection

The ‘single sludge’ approach (i.e., the same activated sludge biomass circulating through all tanks
and redox zones) was selected, since this approach is by far the most popular for full-scale BNR
systems treating domestic sewage (Brett et al., 1997; Wentzel & Ekama, 1997).
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The first unit, the commercially available Behrotest KLD4® (Behr unit) (Behr Labortechnik,
Dusseldorf-Reisholz, Germany), consists of an anoxic tank (4.2 L) in front of the aeration tank (4.5
L) (Figure 4.1). There is one sludge recycle, from the settler to the anoxic reactor. In this study the
sludge recycle rate was set at 2.5 times the influent flow. This system was initially designed for
biological nitrogen removal (Albertson & Stensel, 1994; Gronenberg & Schoberl, 1994), but luxury
P-uptake is not excluded (Kernn-Jespersen & Henze, 1993; Henze et al., 1995a; Barker & Dold,
1996). The Behr unit is not a sealed system, but it can be adapted for use with radiolabeled
chemicals.

The second unit was designed in-house, based on the University of Cape Town process (Ekama et
al., 1984; Carucci et al., 1996; Barker & Dold, 1997; Brett et al., 1997). This unit was named
CAS-UCT. It consisted of three reactors in series. an anaerobic, an anoxic and an aerobic reactor
(Figure 4.1). The UCT process can be seen as a template for many single sludge BNR systems. Full
scale UCT plants have been built in severa continents (Wentzel et al., 1988; Wentzel et al., 1992;
Randall et al., 1992; McClintock et al., 1993). The separation of the different redox zones in
distinct tanks makes this system attractive as atest unit.

Next to these BNR test units, the standard OECD CAS test unit was used as areference.

2.2. Dimensioning of the CAS-UCT Test Unit

The CAS-UCT unit consists of an anaerobic, an anoxic and an aerobic tank, placed in series. There
are three recycle flows, which can be independently controlled. In designing the CAS-UCT unit, the
dimensions of the traditional CAS unit were taken as a starting point, i.e. the volume of the aerated
unit was set at 3.0 L. To determine the volumes of the other two tanks two scenarios were
compared, based on literature data (Ekama et al., 1984; Randall et al., 1992; Johanson, 1994): (1)
an anaerobic tank volume of 0.75 L and an anoxic tank of 1.5 L, and (2) both tanks with equal
volumesof 1.5 L.

Both scenarios, in combination with six different sludge recycling regimes, were evaluated
mathematically by means of the IAWQ Activated Sludge Model N° 2 (ASM2) (Henze et al.,
1995b). Asthe ASM2 was primarily used as a design tool, the default parameter set (supplied by
Henze et al., 1995b) was used and no calibration of the model was performed. The model was
dlightly modified: 50% of Xs (the fraction of COD which biodegrades slowly) was assumed to be in
solution (i.e., not to be removed with settled sludge). For the settler, a simple mass-balance point
settler model was used. The fraction of solids washed out with the effluent was fixed at 0.5%. The
results of the ASM2 simulations (after having reached steady-state) are presented in Figure 4.2
below.
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Figure 4.1. Schematic drawing of the CAS-UCT and Behr units
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Figure 4.2. Influence of different design scenarios in the UCT unit on N and P removal

Based on the simulation results, the best performance was expected for scenario (2) with anaerobic
and anoxic volumes of each 1.5 L, together with a 2/2/2 recycle regime (i.e., the recycle flows from
the anoxic to the anaerobic tank, from the aerobic to the anoxic tank and from the settler to the
anoxic tank were all set to 2x the influent flow). The volume of the anaerobic tank was predicted to
have an important effect on P-removal, while the predicted impact on N-removal was very limited.
The recycle regime was expected to influence removal efficiency of both nutrients.

2.3. Test Unit Operation

2.3.1. Operating Conditions

The operating conditions for the BNR units are summarized in Table 4.1. The standard CAS unit
was operated in the uncoupled mode according to 1SO (1995).

Influent flows were selected to have an HRT (Hydraulic Residence Time) in the aerobic tank of 6
hours (cf. the standard CAS test). The SRT (Sludge Residence Time) in the Behr and CAS-UCT
units was set at 15 or 20 days, to allow the development and maintenance of an adequate microbial
population (Focht & Verstraete, 1977; Henze et al., 1995a). At this SRT there still was sufficient
sludge wastage to ensure stable phosphorus (poly-P) removal with the sudge (CIWEM, 1994).

The sludge loading rate (Bx) followed from the combination of reactor volumes, Mixed Liquor
Suspended Solids (MLSS) level, influent characteristics and flow rate, and was typically in the range
of 0.20-0.30 gCOD/gMLSS.day for the BNR systems.
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The sludge recycle ratio in the Behr unit (from the clarifier to the anoxic tank) was set to 2.5 times
the influent flow. For the CAS-UCT unit, the recycle regime presented in section 2.2 above was
used.

The dissolved oxygen (DO) concentration in the aeration tank of the Behr and CAS-UCT units was
amed at 3.5 mg/L by tuning the aeration intensity. The safe working range was approximately 2.5
to 4.5 mg/L. A lower DO value would lead to anoxic conditions in the settler, resulting in sludge
rising due to denitrification, and P-release into the effluent. Higher DO levels were equally
undesirable, as the sludge was recycled to the anoxic and anaerobic tanks. DO levels above 0.2
mg/L in the latter would inhibit denitrification and P-release (Isaacs et al., 1994; Brett et al., 1997).
Under the operating conditions employed in this investigation, the DO concentration in the
anoxic/anaerobic tanks remained mostly below 0.1 mg/L.

All tests were performed at room temperature (18-23 °C). The influent pH was set at 7.25, and the
effluent pH was typically ranged between 7.5-7.9.

Table 4.1. Operating conditions for the BNR units

Volume HRT Run # MLSS SRT By
(L) (h) (9/L) (d) (9/9.d)

Behr

- AX 4.2 5.6

A 45 6
#1@ 4.1 20 0.25
#w@ 3.0 20 0.25
#3® 36 20 0.1-0.3
#4 @ 3.6 15 0.24

UCT

- An 15 3

- AX 15 3 35 15 0.22

A 3 6

A = aerobic tank, Ax = anoxic tank, An = anaerobic tank, C = clarifier

@ synthetic medium, ® real domestic sewage

2.3.2. Influent Characteristics

For most of the experiments with these units, synthetic sewage was used. As this was concurrently
under development during the experimental period, the units were operated using the precursor of
the Syntho medium (which is described later in this chapter). To compare the performance of a
Behr unit fed with synthetic sewage versus domestic waste water, the unit was also operated using
real domestic sewage as influent. The sewage used in this study was collected biweekly from the
Duffel domestic WWTP (Belgium) (passed through a sieve, mesh 0.5 mm). Average influent
characteristics for synthetic and domestic sewage are given in Table 4.2.
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Table 4.2. Characterization of Syntho (precursor)
and Duffel domestic sewage (values in mg/L)

Components Syntho (precursor) Domestic Sewage
Total COD 390" 460 + 200
Total Phosphorus 7.9 73

Total Nitrogen 34.6 25+7

pH 7.25 6.9-75

" calculated value
3. Development of a New Synthetic Sewage

3.1. Concept and Composition

Syntho was designed to mimic real pre-settled domestic wastewater. As it was intended to be used
as a standard influent to the Continuous Activated Sludge system (CAS), its components should be
commonly available and at arelatively low cost. In addition, the feed should be easy to prepare and
dose. The composition was chosen such that the use of Syntho would support excess N and P
removal, without aiming to maximize nutrient removal performance per se.

Syntho was conceived as a mixture of synthetic wastewater and a minor fraction (10% v/v) of pre-
settled real domestic wastewater. The selection of ingredients for the synthetic part was based on
the expected composition of domestic sewage. Syntho therefore differs considerably from classic
bacterial growth media. It was based on two fractions, a "sanitary” and a "household" wastewater
fraction. The sanitary fraction (black water) was based on the average composition and quantity of
sanitary wastewater, i.e. the combination of urine and feces (e.g. Hendericks, 1991; Yamadaet al.,
1991; Haubrich et al., 1994; Isselbacher et al., 1994). The household fraction (gray water) was
harder to define given its variability. A typical trait isthat it contains biodegradable surface-active
agents.

The amount of biodegradable COD needed to transform 1 mg of NOs-N to N, is 5.5-8.6 mg, and the
amount of biodegradable COD needed during biological P removal is 50-59 mg per mg of
phosphorus (Randall et al., 1992; US EPA, 1993; Henze et al., 1995a; Smolders et al., 1996).
Hence, to optimize the synthetic medium for biological nutrient removal, a COD:N:P ratio of
approximately 100:7:2 was chosen. A dlight variability in this ratio occurs in practice due to the
mixing with real domestic sewage. Short chain volatile fatty acids such as acetate have a direct
impact on N and P removal (Isaacs & Henze, 1995; Zhao et al., 1995; Barker & Dold, 1996; Brett et
al., 1997), and their level can be used to tune N and P removal to adesired level.
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The synthetic part also contains lyophilized sludge, mainly to act as a starter for floc formation.
Real sewage contains a particulate fraction which isinert or mineral. This fraction is simulated by
diatomaceous earth, which helps to increase sludge floc density. The type and concentration of
trace metals added to the medium is based on typical concentrations found in sewage (Kempton et
al., 1987; Stephenson & Lester, 1987). An overview of the synthetic fraction (90%) of the Syntho
mediumisgivenin Table 4.3.

Table 4.3. Syntho medium composition (values in mg/L)

C-source N-source P-source Sewage smulation
Peptone 15 Urea 75 MgHPO,.3H,O | 25 LAS 10
Na-acetate 120 | NH,Cl |11 | K3POsH,0 20 |AE’ 10
Dry meat extract | 15 Uricacid | 9 Lyophilised act. | 50

sludge
Glyceral 40 Diatom. earth | 10
Potato starch 50 Diet fibers 80
Milk powder 120
Minerals & Trace Metals ~

" Cl12-C14 Linear Alkylbenzene Sulphonate (LAS) and Alcohol Ethoxylate (e.g. C12-
C14AED) or any other readily biodegradable surface active agents. For cost reasons the use
of acommercia rather than a pure grade is recommended (e.g. Fluka 48750 and 44200).

Na-acetate can be varied to adjust the C/N/P ratio, to fine-tune N/P removal

CaCly, 5 mg/L; NaHCOs3, 25 mg/L; FeSO4.7H20, 10 mg/L; Trace metals. CuCl,.2H,0, 480
Mg/L; CoCl,.6H,0, 50 pg/L; ZnCl,, 180 pg/L; MnSO4.H20, 100 pg/L; KoMoO,, 20 pglL;
Cr(NO3)3.9H,0 , 680 pug/L; NiSO,4.6H,0, 300 ug/L; EDTA, 0.22 pg/L.

* %

Domestic sewage provides a constant influx of bacteria and spores which act as an inoculum for the
activated sludge plant (Mara, 1974, Curds, 1975). The broad range of substratesin real sewage will
also ensure a diverse microbial population and enzymatic activity. To reduce the variability in
composition to a minimum, the amount of real sewage is limited to 10% v/v.

The total calculated and measured COD of the medium (without the 10% domestic sewage) are
approximately 470 and 508 mg/L., respectively. The akalinity of the synthetic sewage was
determined by titration with 0.01 N HCI. At aset pH of 7.25, the alkalinity was 3.5 meq HCOg3'/L.

In practice, a concentrated feed stock (e.g. 25 times) was prepared once, divided and frozen in small
portions, which were thawed and diluted with deionized water before use. All ingredients of the
feed stock were dissolved/mixed with deionized water. The lyophilized activated sludge and the diet
fibers were ground in a coffee mill prior to the mixing with water in order to avoid that particulate
materials would block the dosing pump. A stock solution of EDTA / trace metals in deionized
water (1000 times more concentrated) was prepared separately, stored in a refrigerator, and mixed
with the synthetic sewage to the required concentration on the day of use.
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