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Preface

During almost six years of research several methods were developed for
stochastic modelling of the water table depth at a single location. These methods
have different levels of complexity, physical basis, data requirements and output
variables. However, a rational method to choose between these methods is
lacking. Also, because most of the computer programs to apply the stochastic
methods were developed in a research environment, no particular attention was
payed to making them user friendly. Therefore, a combined graphical user
interface (GUI) and decision support system (DSS) has now been developed to
apply the stochastic methods and to operate the associated computer programs.
The GUI/DSS program is called VIDENTE. Vidente is the spanish word for
“seer” or “soothsayer” (ziener in Dutch) which translated into old greek is
oroyoonyngs (a person who forecasts a future event in the sense of aiming at the
truth). In the modern sense, “stochastic” in stochastic methods refers to the
random element incorporated in these methods, i.e. to account for uncertainty. By
taking uncertainty into account we have no hope to predict the future water table
depth better than deterministic methods. We are however better in estimating how
far off our predictions are going to be.

The research that lead to the development of the stochastic methods and their
programs was funded by DWK programs 228 and 328 (Spatial Patterns and
Variability in Soil and Groundwater) of the Netherlandish Ministry of
Agriculture, Nature Management and Fisheries. Martin Knotters and Dennis
Walvoort have contributed significantly to the development of the models
implemented in VIDENTE. The computer program EMERALD was developed
entirely by Dennis Walvoort.

MB
Wageningen, October 5, 2000
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General introduction

To model the fluctuation of shallow water tables at a single location, several
stochastic models have been developed at Alterra. The primary use of these
models is to extrapolate time series of water table depth in time in order to
estimate fluctuation characteristics of the water table depth (e.g. mean highest
(MHW) and mean lowest water table depth (MLW)) that are representative for the
current climate and hydrological conditions (Knotters and Van Walsum, 1997).
Maps of these fluctuation quantities are vitally important for land use planning
and regional water management (e.g. Finke et al., 1999). More recently, some of
these models have been used in a regionalised fashion for space time modelling of
water table depth (e.g. Bierkens et al., 2001).

The advantage of using stochastic models rather than deterministic models is that
stochastic models are better suited to capture extreme value statistics (such as
MHW and MLW), provide more realistically looking time series and can be used
for risk analysis: it is possible to estimate the probability that at a given date the
water table exceeds a critical value. When combined with costs models, the
“expected cost of exceeding” (=risk) can be estimated, which makes it possible to
weigh the costs of water management measures against the benefits of risk
reduction (=cost of failure). It is likely that risk based cost-benefit analyses will
become more important in solving environmental problems and water
management under multiple interests.

The common factor between all models is that they describe the fluctuation of the
water table depth as a function of time and that they have a deterministic and a
stochastic component (noise model). The difference between the various models
is based on the amount of physics used to model the deterministic component, the
amount of information required to run the models and the number of variables the
model is able to generate (i.e. only water table depth or other water balance
parameters also). The models have been developed by different people and have
been implemented in different computer programs. People using these models
therefore raised two questions:
1. Do Ichoose between the various models for my specific application?
2. How do I operate all these different computer programs that have different
input an output formats?
To solve both programs simultaneously we have build the Wmdows application
VIDENTE. VIDENTE is programmed in Delphi 5 and consists of a Decision
Support System (DSS) to choose between the various models and a Graphical
User Interface (GUI) to operate the different programs from similar input and
output screens. Parts of this report have been implemented to serve as a help
facility. The DSS leads the user through a series of questions to the most
appropriate model for his or her problem. Next the GUI can be used to constitute
the model input, run the model and analyse the model output.

Alterra-rapport 118 9



In VIDENTE four different models have been implemented. Their names, which
are in fact the names of the computer programs, are given below as well as key
references in English and Dutch that describe the models and their application:
1. KALMAX - an auto-regressive exogenous variable model
2. KALTFN - a simple transfer-function noise model
Key references of these two models:
English
Bierkens, MLF.P.,, M. Knotters and F.C. Van Geer, 1999, Calibration of
transfer function-noise models to sparsely or irregularly observed time
series. Water Resources Research 35(6), 1741-1750.
Knotters, M. and M.F.P. Bierkens, 2000. Physical basis of time series models
for water table depths. Water Resources Research 36(1), 181-188.
Dutch
Bierkens, M.F.P, M. Knotters and F.C. Van Geer, 1999. Tijdreecksanalyse nu
ook toepasbaar bij onregelematige meetfrequenties. Stromingen 5(2), 43-
54,
Knotters, M. and M.F.P. Bierkens, 1999. Tijdreeksmodellen voor de
grondwaterstand; een kijkje in de black box. Stromingen 5(3), 35-49.
3. SSD - a stochastic differential equation of the soil water balance
Key references:
English
Bierkens, M.F.P., 1998. Modeling water table fluctuations by means of a
stochastic differential equation. Water Resources Research 34(11), 2485-
2499.
Dutch
Bierkens, M.F.P., 1988. Eenvoudige stochastische modellen voor grond-
waterstandsfluctuaties. Deel 1: Een stochastische differentiaal-
vergelijking. Stromingen 4(2), 5-26.
4. EMERALD - A physically based stochastic model of soil- and groundwater
flow
Key references:
English
Walvoort, D.J.J. and M.F.P. Bierkens, 1999, A stochastic modelling approach
for rapid assessment of groundwater dynamics. Report 171, DLO Staring
Centrum, Wageningen.
Dutch
Bierkens, M.F.P. en D.J.J. Walvoort, 1998. Eenvoudige stochastische
modellen voor grondwaterstandsfluctuaties. Deel 2: Gecombineerd
bodem-grondwatermodel met stochastische invoer. Stromingen 4(3), 5-
20.
Additional references on the application of the KALMAX and SSD models for
space-time modelling of water table depth are Bierkens (2001), Bierkens et al.
(2001) and Knotters and Bierkens (2001), which can be found in the reference list.

The following model has also been developed together with the models above, but
due to logistic problems it has not yet been implemented in VIDENTE:
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5. TARSO - a non-linear transfer function-noise model with threshold non-

linearity

Key reference only in English:

Knotters, M. and J.G. de Gooijer, 1999. TARSO modeling of water table
depths. Water Resources Research 35(3), 695-705.

The following model has not been developed within our group but elsewhere

at Alterra (in combination with Wageningen University). When combined

with a noise model it is also suited for stochastic modelling of water table
depth:

6. SWAP - A physically-based model of the soil-water-atmosphere-plant
system at a single location, including crop growth and water, heat
and solute transport through the soil.

Under certain circumstances the DSS will point to using SWAP. The program

is not implemented in VIDENTE but a 32bit Windows version is available

from http://www.alterra. wageningen-ur.nl/fset-onderzoek.htm (price $ 500).

The key reference (only in English) is:

Dam, J.C. van, J. Huygen, J.G. Wesseling, R.A. Feddes, P. Kabat, P.E.V, Van
Walsum, P. Groenendijk and C.A. Van Diepen, 1997. Theory of SWAP
version 2.0; simulation of water flow, solute transport and plant growth
in the soil-water-atmosphere-plant environment. Repert 171, Department
of water Resources, Wageningen Agricultural University, Wageningen.
Technical Document 45, DLO Winand Staring Centre, Wageningen.

Finally, it is possible that the DSS will point to modelling techniques that are
available outside Alterra, such as univariate time series models implemented in
generals statistical or mathematical packages as MATLAB, SPLUS or
GENSTAT.

This report consists of five parts. Part 1 describes the DSS and the GUIL The
possible results of the DSS are explained as well as the questions users have to
answer while running the DSS. The DSS is described both in English and in
Dutch. The binary decision trees upon which the DSS is based are given in the
annex. The GUI is mostly self explanatory. We only describe the global set up of
the screens. For illustration, KALMAX is applied to an example data and the
input and output screen are shown. In parts 2 to 4 the models are described:
KALMAX/KALTFN (part 2), SSD (part 3), EMERALD (part 4). Each of these
parts is completely self contained. This means that these parts can be read
separately from the rest. It also means that there is much redundapcy between
these parts. For instance, each part provides an introduction to stochastic
modelling (chapter 2). Because it is also possible to use each model in a stand
alone fashion, we also give the input instructions (formats) for the computer
programs of each model. Part 5 gives the input instructions for the program
STATSIM that can be used to calculate fluctuation quantities from simulated
water table depths.

Alterra-rapport 118 11
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Parts of this report that contain crucial information to operate VIDENTE have
also been written in Dutch. These are the description of the DSS and the lists of
parameters of each of the models.

This report comes with a CD. The CD contains the program VIDENTE, as well as
the subdirectory “standalone” with sources and executables of KALMAX,
KALTEN, SSD, and EMERALD and example input and parameter files. To run
EMERALD the screen resolution should be 600x800. The programs on this CD
are distributed in the hope that they will be useful, but WITHOUT ANY
WARRANTY. No author or distributor accepts responsibility to anyone for the
consequences of using them or for whether they serve any particular purpose or
work at all, unless he or she says so in writing. Altering or redistribution of the
software should be done while giving proper reference and in accordance with the
terms and conditions mentioned in the GENERAL TERMS AND CONDITIONS
AS TO THE MAKING AVAILABLE OF COMPUTER SOFTWARE issued by
Alterra (see Word document on the CD).

12 Alterra-rapport 118



Part1: Decision Support System and Graphical User
Interface

Alterra-rapport 118
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1 Explanation of questions and results of the DSS

1.1 General

The computer program VIDENTE is a graphical user interface (GUI) driving a
number of other computer programs. These programs contain methods for
stochastic modelling of water table depth fluctuations (phreatic surface) at a single
location.

The decision support system (DSS) chooses between the various methods based

on the following criteria:

1. What is the target variable? Is the water table depth the only variable of
interest or are additional variables of the soil-groundwater system also
important, such as soil moisture content, specific discharge to drains and
ditches and crop transpiration?

2. How is the soil-groundwater system to be modelled? For instance, are more
drainage levels to be included, are surface water levels varying with time.

3. Limitations to the applicability of methods. For instance, the model
implemented in the program SSD cannot be applied to deep water tables.

4. Availability of data. For instance, to apply SSD at a location we need to know
the soil moisture retention curve and the drainage levels with respect to
surface elevation.

Based upon the answers to yes/no questions pertaining to one of the categories
above binary decision trees are built that eventually lead to one of the available
methods for stochastic modelling of water table depth (see Annex). Such a
method is a mathematical model that is implemented in a computer program. The
computer programs are driven by the GUL The philosophy that it is best to use the
most simple method able to solve the problem at hand (parsimony) is implicit in
the DSS.

Notice that the accuracy of the various methods or models is not included as a
criterion in the GUL Implicitly the accuracy plays a role in criterion 3, where
models are limited to a domain in which they are expected to perform sufficiently
accurate. In case that several models are applicable, no relevant differences in
accuracy are found. This has been corroborated by several studies comparing the
accuracy of transfer function-noise models (TFN models), KALMAX, KALTFN,
TARSO, SSD, EMERALD and SWAP (Knotters and Van Walsum, 1997;
Bierkens, 1998; Walvoort and Bierkens, 1998; Knotters and De Gooijer, 1999;
Bierkens et al., 1999).

Alterra-rapport 118 15



1.2  Results of the DSS

The following computer programs are included in VIDENTE (for an extensive

description of the implemented methods one is referred to parts 2 to 4):

1. KALMAX (ARX model, precipitation surplus as input : precipitation minus
Makkink reference evapo-transpiration (Winter et al, 1995), physical
interpretation possible);

2. KALTFN (a simple low order TFN model, precipitation surplus as input,
physical interpretation possible);

3. SSD (a physical model based on a stochastic differential equation of water
table depth derived from the soil-water balance, precipitation and potential
evapo-transpiration as input);

4, EMERALD (a quasi-analytical soil-groundwater model with added noise,
precipitation and potential evapo-transpiration as input).

Apart from these methods, the DSS may direct the user to one of the following

methods that are not implemented in VIDENTE, but elsewhere:

5. TARSO (non-linear time series model with threshold non-linearity, in each
regime a simple TFN model, precipitation surplus as input). Although this
model has been developed in our research group, it has not been implemented
yet. The goal is to do this in the near future;

6. Univariate time series analysis. In this case there is no input time series to
explain part of the variation of the observed water table depth. In univariate
time series analysis (ARIMA, SETAR (Tong, 1990; Hipel and McLeod,
1994)) the variation of a time series is explained from the values of the time
series at previous time steps and a noise process. These models can be used
for short time forecasts, interpolation between observations and simulating
replicas of the time series for the observation period. However, these methods
are not suitable for extrapolating time series of water table depth (e.g. to the
past) to correct for the year by year variation of the weather (precipitation
surplus) (Knotters and Van Walsum, 1997). Univariate time series models are
implemented in GENSTAT, MATLAB and S-PLUS;

7. (Muitiple) TFN modelling. For standard TFN modelling the observation
frequency of the input time series (e.g. precipitation surplus) have to be the
same as for the output time series (e.g. water table depth). For KALMAX,
KALTFN, SSD, EMERALD and SWAP this does not have to be the case.
However, multiple TFN models can be used to account for more input
variables if these are thought to influence variation of water table depth; e.g.
river stages and groundwater abstraction rates. Multiple TFN models are
implemented in GENSTAT and MATLAB.

8. SWAP. SWAP (van Dam et al., 1997) is a computer program for modelling
the Soil-Water-Atmosphere-Plant system. Flow through the unsaturated zone
is modelled by numerically solving Richards® equation. SWAP not only
provides the water table depth, but also the soil moisture profile with time.
Additionally, transport (heat and inert solvents) can be modelled. Also, crop
transpiration and evapo-transpiration is modelled in a more sophisticated
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manner than in SSD and EMERALD. It is even possible to model crop growth
using the WOFOST model (Supit et al., 1994). SWAP is written in
FORTRAN77, but a 32bit Windows version 1is available from
http://www.alterra.wageningen-ur.nl/fset-onderzoek.htm. Costs are about $
500. Of course, application of SWAP requires more information about a site
than using SSD or EMERALD. Apart from SWAP many other codes for
unsaturated flow are available. However, very few of these are able to model
phreatic surface, which is why they are not mentioned here.

One outcome of the DDSS may be that none of the above methods is suitable, for
instance because certain data are lacking. In particular the following messages can
be expected:

9. “Stochastic modelling of the water table depth or related variables is not
possible”. In this case a time series of water table depth is lacking. This time
series should first be recorded, or when a piezometer is present, its data should
be achieved from its owner.

10. “What you want is only possible if the necessary information is collected
first”. Here we have that based on criteria 1 to 3 above the outcome of the
DSS is some method or set of methods, but, apart from the water table depth,
the necessary data are lacking to apply these methods. If at all possible, an
alternative method is proposed. In most cases this will amount to neglecting
certain effects (such as varying surface water levels) or limiting the target
variables (e.g. water table depth only instead of water table depth and soil
moisture content).

Finally, an outcome may be that multiple models are equally suitable for the
application at hand. In this case the user has to make his or her own decision.

1.3  Questions asked in the DSS

What are the target variables?

If the water table depth is the only target variable all methods introduced before
can be used. If next to the water table depth also the specific discharge or bottom
flux (or drainage resistance or effective porosity) is important, one should use
KALMAX, KALTFN, SSD, EMERALD or SWAP, If apart from those mentioned
the average soil moisture content is a target variable either SSD, EMERALD or
SWAP can be used. Finally, if apart from these variables time series of the soil
moisture profile, crop growth, soil firmness (capacity to carry machinery) and
transport (heat or inert solutes) are required, SWAP is the only option.

Do you have a time series of water table depth?

Without an observed time series of water table depth stochastic modelling of the
water table depth or related variables is not possible. This time series is necessary
to identify the noise process. For the empirical models such as ARIMA models,
KALMAX, KALTFN and TARSO, all parameters are calibrated using observed
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water table depths, while for the more physical models such as SSD, EMERALD
and SWAP a number of conceptual parameters (e.g. effective porosity and
drainage resistance) are obtained through calibration.

Do you have time series of precipitation and evapo-transpiration?

Without time series of precipitation and evapo-transpiration (or precipitation
surplus) it is not possible to model the water table fluctuations with TFN models,
KALMAX, KALTFN, TARSQ, SSD, EMERALD or SWAP. In this case,
univariate time series analysis (e.g. ARIMA) can be an option. Note however that
univariate time series models are not suitable for extrapolating the time series of
water table depth to correct for the year to year variation of precipitation surplus.

Are additional temporally variable quantities likely to influence water table
fluctuations?

Sometimes the variation of the water table depth not only depends on the
precipitation surplus but also on other temporally varying quantities such as river
stages or groundwater withdrawals. If this is the case this should be accounted for
explicitly. Whether this is possible depends on the presence of time series of these
additional input variables.

Do you have time series of additional input variables?

If, apart precipitation surplus, the water table fluctuations are driven by other
variables, but no time series of these variables have been observed, one is forced
to account for these influences in an implicit manner. The influence of an extra
input variable can manifest itself partly as a trend and partly as additional
fluctuation. The trend can be accounted for by trend fitting, removing the fitted
trend from the time series of water table depth, conducting the analyses on the de-
trended time series and adding the trend afterwards (note that superposition is
applied which assumes a linear relation between the water table depth and the
additional input variable). The additional fluctuation cannot be accounted for and
will lead to a larger noise component (more uncertainty), If time series of the
additional input variables are present they can be included using multiple TEN
models.

Has the time series of water table depth been observed with constant frequency?
Is the time interval between two successive observations the same for the entire
time series or at least approximately so? If this is not the case, standard TFN
modelling and TARSO cannot be applied.

Do you want to model the water table depth with smaller time steps than the time
interval between observations?

Even if the time series of water table depth is observed with a constant frequency
one may be interested in describing the water table depth with smaller time steps
than the interval between observations. In this case standard TFN modelling and
TARSO cannot be applied.

18 Alterra-rapport 118



Are there any threshold non-linearities and do you wish to take these into
account?

Examples of thresholds that divide the domain of water table fluctuation into parts
where the dynamics are very different: boundaries between soil layers of
contrasting texture and drainage levels of trenches. In the latter case, the trench
drains the groundwater whenever its level exceeds the trench bottom and is
inactive otherwise.

Has the time series of precipitation surplus been observed with constant
frequency and is the interval berween its observations smaller than or equal to the
smallest interval between the observations of water table depth?

Using KALMAX, KALTFN, SSD, EMERALD or SWAP it is possible to model
the water table depth fluctuations with a smaller time step than interval between
observations of the water table depth. Moreover, it is not even required that the
time series of water table depth is observed with constant frequency. However, to
do this we require the time series of precipitation surplus to be observed with
constant frequency and with an interval between its observations smaller than or
equal to the smallest interval between the water table depth observations. If for
certain periods the water table depth has been observed with a higher frequency
than the precipitation surplus, the water table observations should be aggregated
to the frequency of the precipitation surplus.

Do you want to take non-linearity into account?

The relation between water table depth and precipitation surplus is in principal
non-linear. This can be caused by a trench that becomes inactive whenever the
water table drops below its bottom, soil heterogeneity and variations in soil
moisture. If you want to take such non-linearity into account (in this part of the
decision tree) SSD, EMERALD or SWAP should be used.

Apart from the water table depth, does the list of target variables also include
specific drainage discharge, bottom flux (or drainage resistance or effective
porosity)?

If KALMAX or KALTFN is chosen a further choice can be made to interpret the
deterministic part of these models in terms of physical parameters. The
deterministic part of KALMAX and KALTFN has the following form (with 4, the
water table depth and P, precipitation surplus (precipitation minus evapo-
transpiration) at time step #): .

h, =c+alh_ —c]+bP

If the drainage level h, (surface water level or trench bottom with respect to
surface level) is constant (see next question) en known (see question thereafter),
the drainage resistance y [T], the effective porosity ¢ [-] and the bottom flux g,
[LT'] can be estimated from the parameters a,b and ¢ and time step Ar used
(Knotters and Bierkens, 2000):
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This is called the physical interpretation of KALMAX and KALTFN.

Do you want to take account of more than one drainage level or drainage levels
that vary with time?

In principal one could give a physical interpretation to KALMAX and KALTFN
when several drainage levels are present (if these are ditches that don’t become
inactive when the water table drops below their bottom). However, in this case it
is advised to use either SDD or SWAP, If the drainage levels are varying with
time (e.g. varying surface water levels) SSD or SWAP should be used.

Is the drainage level (bottom trench or surface water level} with respect to surface
elevation known?

As shown in the equations above, a physical interpretation of KALMAX and
KALTFN requires the drainage level with respect to surface elevation.

Apart from the precipitation surplus, are there additional variables that influence
the water table fluctuation?

This question is to decide between KALMAX and KALTFN. If the precipitation
surplus is the only input variable that influences the water table fluctuation, it can
be derived that the temporal dependence of the noise process is the same as that of
the (deterministic) water table depth (Knotters and Bierkens, 2000). In this case
KALMAX is preferred. If other variables such as river stages are influencing the
water table depth, and these variables have not been explicitly taken into account
(otherwise the choice would not have been between KALMAX or KALTN), these
influences end up in the noise so that the noise is likely to have a different
correlation structure than the water table depth. In this case it is more appropriate
to use KALTFN.

Is the water table fluctuating at depths larger than 2 m below the surface?

In these type of systems the infiltrating rain water will show a noticeable time
shift and a dampening as it travels through the large unsaturated zone to the
phreatic surface. This effect cannot be modelled with SSD so that EMERALD en
SWAP are the remaining options.

Do you want to model the reduction of evapo-transpiration in detail?

The reduction in evapo-transpiration is modelled rather simply in SSD and
EMERALD, i.e. as a loss function that depends on the average soil moisture
content. If you want the reduction to depend on the root distribution and the soil
moisture profile, to use a loss function that varies with time due to crop growth or
to divide evapo-transpiration into soil evaporation and crop transpiration SWAP
should be used.
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Do you have information about k() per soil layer?

When applying EMERALD or SWAP one needs information about the
unsaturated conductivity function per soil layer. This information can either be
obtained directly by taking laboratory measurements, or standard curves can be
applied by linking these to texture using pedo-transfer functions (Wosten and Van
Genuchten, 1988; Wosten, 1997). In this case we need to have a texture profile
description of the soil.

Do you have the following data: land use, & ) soil, drainage level?

To apply SSD, EMERALD or SWAP one needs (among other things) data about
the land use. Based upon land use the actual evapo-transpiration can be calculated
from the reference evapo-transpiration (e.g. using crop factors) and rainfall
interception can be determined. One is referred to the descriptions of EMERALD
and SSD for a table with interception factors and crop factors for various types of
land use (see also the HELP capability of VIDENTE). Like the unsaturated
conductivity k(¥), the soil moisture retention curve &¥) can be obtained from
laboratory measurements or indirectly from texture descriptions and pedo-transfer
functions (Wd&sten and Van Genuchten, 1988; Wosten, 1997). Finally, the
drainage level(s) with respect to surface elevation are required.

Are most of the water table depths of the time series smaller than 50 cm?
EMERALD is not very suitable for modelling very shallow water table depths. In
that case either SSD or SWAP should be chosen.

Do you have the following data: land use, & y) soil, k() soil, drainage level?

To apply SWAP one needs (among other things) data about the land use. Based
upon land use rainfall interception, actual evapo-transpiration and, if needed, crop
growth can be calculated. The unsaturated conductivity k(¥ and the soil moisture
retention curve () are needed for each soil layer. These can be obtained from
laboratory measurements or indirectly from texture descriptions and pedo-transfer
functions (Wosten and Van Genuchten, 1988; Wasten, 1997). Drainage level(s)
with respect to surface elevation are also required.

Alterra-rapport 118 21



2 Verklaring vragen en uitkomsten BOS

2.1 Algemeen

Het computerprogramma VIDENTE is een grafische user interface rond een
aantal computerprogramma’s met verschillende methoden voor de stochastische
modellering van de (freatische) grondwaterstandsfluctuatie op een locatie.

Het beslissingsondersteunend systeem (BOS) selecteert tussen de verschillende

methoden op basis van de volgende criteria:

1. Wat is de doelvariabele? Is dit alleen de grondwaterstanden, of zijn ook
andere variabelen die betrekking hebben op het bodemwater-grondwater
systeem van belang, zoals bodemvochtgehalte, gewasverdamping en
drainageafvoer?

2. Op welke wijze dient het bodemwater-grondwater systeem worden
gemodelleerd? Bijvoorbeeld, moeten er meerdere drainageniveaus worden
gemodelleerd, of dienen de slootpeilen in de tijd te kunnen variéren?

3. Beperkingen dic aan de toepasbaarheid van de methode zitten. Bijvoorbeeld,
het model dat is geimplementeerd in het computerprogramma SSD kan niet
worden toegepast op te diepe grondwaterstanden.

4. De beschikbaarheid van de gegevens. Bijvoorbeeld, om SSD op een locatie
toe te passen moet daar informatie over de pfcurve beschikbaar zijn.

Op basis van ja/nee vragen die onder één van de bovenstaande categorieén vallen
wordt een binaire beslisboom opgebouwd die uiteindelijk leidt tot de keuze voor
één van de methoden om de grondwaterstandsvariatie te modelleren. Een methode
bestaat uit een model dat de variatie van de grondwaterstand beschrijft en is
geimplementeerd in een computerprogramma. De computerprogramma’s kunnen
worden bedient via de grafische user interface (GUI). Impliciet is bij het DSS als
filosofie gekozen dat een gegeven probleem met een zo simpel mogelijke
methode die voldoet moet worden opgelost.

Opvallend is dat in het BOS de nauwkeurigheid van de modellen geen rol speelt.
Impliciet zit dit reeds in critertum 3, waarin modellen worden beperkt tot een
toepassingsgebied waarbinnen, op basis van de modelveronderstellingen,
voldoende nauwkeurige resultaten kunnen worden verwacht. In het geval dat
meerdere modellen toepasbaar zijn blijkt uit meerdere studies (Knotters en Van
Walsum, 1994; Bierkens, 1998; Bierkens en Walvoort, 1998; Knotters en De
Gooijer, 1999; Bierkens e.a., 1999) dat er geen noemenswaardige verschillen in
nauwkeurigheid optreden tussen transfer-ruismodellen, KALMAX, KALTFN,
TARSO, SSD, EMERALD en SWAP. De nanwkeurigheid van de modellen is dus
niet in de beslisregels meegenomen.
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2.2 Uitkomsten

De volgende computerprogramma’s zijn in VIDENTE opgenomen (voor een
uitgebreide beschrijving van de methoden wordt verwezen naar de HELP optie
van VIDENTE):

1. KALMAX (ARX model, neerslagoverschot als invoer, fysische interpretatie
mogelijk);

2. KALTEFN (een eenvoudig, lage orde transfer-ruismodel, neerslagoverschot als
invoer, fysische interpretatie mogelijk);

3. SSD (een fysische model gebaseerd op een stochastische
differentiaalvergelijking van de grondwaterstand, afgeleid op basis van
bodemwaterbalans, neerslag en verdamping als invoer);

4, EMERALD (een quasi-analytisch bodem-grondwatermodel met toegevoegd
ruisproces, neerslag en verdamping als invoer).

Naast deze methoden is het ook mogelijk uit te komen bij de volgende methoden

die niet in VIDENTE zijn geimplementeerd:

5. TARSO (niet-lineair tijdreeksmodel met drempel niet-lineariteiten, in elk
regime een eenvoudig transfer-ruismodel, neersiagoverschot als invoer).
Hoewel TARSO wel is ontwikkeld binnen onze onderzoeksgroep, is dit model
nog niet geimplementeerd. Het is de bedoeling dit in de nabije toekomst te
doen. .

6. Univariate tijdreeksanalyse. In dit geval is er geen neerslagoverschot of andere
invoerreeks om de variatie van de grondwaterstand te verklaren. Bij univariate
tijdreeksanalyse (bijv. ARIMA, SETAR (Tong, 1990; Hipel en McLeod,
1994)) wordt de variatie van de reeks verklaard uit de waarden van de
variabelen op vorige tijdstappen en een ruisproces. Met deze modellen kunnen
korte termijnvoorspellingen worden gedaan, er kan worden geinterpoleerd
tussen waarnemingen, en voor de duur van de waarnemingsperiode kunnen
replica’s worden gesimuleerd (voor ontwerpdoeleinden). Het is met deze
methoden echter niet mogelijk om een tijdreeks van grondwaterstanden te
verlengen, bijv. naar het verleden, om op deze wijze weersvariaties uit de
reeks te filteren (zie Knotters en Van Walsum, 1994). Univariate
tijdreeksmodellen zijn geimplementeerd in pakketten als GENSTAT,
MATLAB en S-PLUS;

7. (Multiple) Transfer-ruismodellering. De frequenties van de invoerreeksen
moeten hier gelijk zijn aan die van de uitvoerreeksen (i.t.t. KALMAX,
KALTFN, SSD en EMERALD). Er kunnen echter wel multiple invoerreeksen
worden gemodelleerd, bijvoorbeeld als het grondwaterstandsverloop niet
alleen afhangt van het neerslagoverschot , maar ook van de standen in een
nabijgelegen rivier of het onttrekkingsdebiet van een pompstation in de buurt.
Pakketten waarin multiple transfer-ruismodellen zijn geimplementeerd:
GENSTAT, MATLAB;

8. SWAP. SWAP (Van Dam e.a., 1997) is een model van het bodem-water-plant-
atmosfeer systeem. Eéndimensionale stroming door de onverzadigde zone wordt
gemodelleerd door het numeriek oplossen van de Richards’ vergelijking. Met
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SWAP kan dus, behalve de grondwaterstand, ook het vochtprofiel worden
berekend, alsmede het transport van warmte en inerte stoffen. Verder is in
vergelifking met SSD en EMERALD de verdampingsreductie veel
gedetailleerder te modelleren, met name de gewasverdamping. Het is zelfs
mogelijk om in SWAP gewasgroei te modelleren met het WOFOST model (Supit
ea., 1994). SWAP is geschreven in FORTRAN77, maar er is nu ook een
Windows versie (kosten $500) die tegen betaling kan worden gedownload via
http://www.alterra. wageningen-ur.nl/fset-onderzoek.htm. Vanzelfsprekend
betekent het gebruik van SWAP dat nog meer informatie over de locatie nodig is
dan gebruikt in SSD en EMERALD. Naast SWAP zijn er natuurlijk nog veel
meer programma’s waarmee de stroming van water door de onverzadigde zone
op een locatie kan worden berekend. De meeste van die modelcodes berekenen
echter geen vrije grondwaterspiegel, zodat ze hier niet verder worden genoemd.

Het resultaat van het doorlopen van het BOS kan zijn dat geen van bovenstaande
modellen voldoet, omdat bepaalde benodigde gegevens ontbreken. In het
bijzonder zijn de volgende twee meldingen te verwachten:

9. “Geen stochastische modellering van de grondwaterstanden of aanverwante
variabelen mogelijk”. In dat geval ontbreekt een iijdreeks van de
grondwaterstand. Deze zal eerst moeten worden verzameld (een langere tijd
regelmatig waarnemen) of, in het geval er reeds een grondwaterstandsbuis
aanwezig is, moeten worden aangeschaft bij NITG-TNO;

10. “Wat u wilt is alleen mogelijk indien u de ontbrekende informatie verzamelt”,
In dat geval is de gebruiker op basis van criteria 1 t/m 3 bij een bepaalde
methode uitgekomen en ontbreekt er andere informatie dan de
grondwaterstand die nodig is om deze methode toe te passen. In dat geval
wordt er, indien mogelijk, ook een alternatieve methode aangedragen. In de
meeste gevallen zal dit alternatief betekenen dat bepaalde zaken moeten
worden verwaarloosd (bijv. homogene in plaats van heterogene bodem) of dat
men genoegen moet nemen met minder doelvariabelen (alleen de
grondwaterstand i.p.v. grondwaterstand en vochtgehalte).

Tenslotte kan het zijn dat meerdere modellen net zo geschikt zijn voor het
betreffende probleem. In dat geval zal de gebruiker zelf moeten kiezen. Deze
keuze zal voornamelijk berusten op smaak.

2.3 Vragen

Wat zijn de doelvariabelen?

Als alleen de grondwaterstand de doelvariabele is, dan kunnen alle boven
beschreven methoden worden toegepast. Is men daarnaast geinteresseerd in
specificke afvoer, kwel en infiltratie en hydraulische parameters als
drainageweerstand en effectieve porositeit, dan kunnen KALMAX, KALTFN,
SSD, EMERALD en SWAP worden toegepast. Behoort het gemiddeld
vochtgehalte van de bodem tot de doelvariabelen, dan voldoen alleen SSD,
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EMERALD en SWAP. In het geval men een tijdreeks van het gehele vochtprofiel
wil berekenen of tijdreeksen van gewasgroei, draagkracht en transport (van
warmte of inerte stoffen) kan alleen SWAP worden toegepast.

Is er een tijdreeks van de grondwaterstand beschikbaar?

Om een stochastisch model van de grondwaterstandsfluctuatie toe te passen moet
er een tijdreeks van de grondwaterstand zijn. Alleen in dat geval kan men het
stochastisch gedeelte van het model (het ruisproces) identificeren. Overigens geldt
dat bij de meer empirische modellen (bijv. ARIMA, transfer-ruismodellen,
KALMAX, KALTFN, TARSQO) alle parameters uit waargenomen
grondwaterstanden worden geschat, en bij de meer fysische modellen (SSD,
EMERALD, SWAP) een aantal moeilijk te meten parameters zoals de
drainageweerstand en de effectieve porositeit.

Is er een neerslag en verdampingsreeks?

Als er geen tijdreeksen van neerslag en verdamping (of het neerslagoverschot:
neerslag minus verdamping) zijn dan kunnen transfer-ruismodellen, KALMAX,
KALTFN, TARSO, SSD, EMERALD en SWAP niet worden toegepast.
Univariate tijdreeksanalyse met bijvoorbeeld ARIMA modellen is nog wel een
optie. Het probleem hierbij blijft dat extrapolatie ten behoeve van het corrigeren
voor jaar tot jaar fluctuaties van het neerslagoverschot niet mogelijk is.

Zifn er naast het neerslagoverschot nog andere variabelen die de
grondwaterstand kunnen beinvioeden en die variéren in de tijd?

Als er sterke aanwijzingen zijn dat de fluctuaties van de grondwaterstand niet
alleen verklaard worden door het neerslagoverschot, maar ook door andere in de
tijd variérende variabelen zoals onttrekkingen of een rivierpeilen, dan is het
verstandig om hiermee rekening te houden. Of dit feitelijk mogelijk is hangt af of
er tijdreeksen van deze exetra invoervariabelen aanwezig zijn.

Zijn er van deze extra invoervariabelen tijdrecksen aanwezig?

Als er wel sprake is van de beinvioeding van de grondwaterstand door een andere
invoervariabele dan het neerslagoverschot, zoals bijv. een ontrekking, maar er zijn
geen tijdreeksen daarvan, dan is men gedwongen om deze invoerreeks niet
expliciet mee te nemen. De invloed van een extra invoervariabele kan zich doen
gelden op twee manieren. Als een trend en als een extra fluctuatie. Het
trendmatige gedeelte kan worden verdisconteerd door een trend te fitten en van de
grondwaterstandstijdreeks af te trekken, de analyse op de residuen te doen en later
de trend er weer bij op te tellen (let op: dit is superpositie en verondersteld dus een
lineaire relatie tussen de grondwaterstand en de extra invoervariabele). De extra
fluctuatie kan niet worden verdisconteerd en manifesteert zich dan ook door een
grotere roiscomponent (meer onzekerheid). Als tijdreeksen van extra
invoervariabelen wel aanwezig zijn, dan kunnen die worden meegenomen via
multiple transfer-ruismodellen.
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Is de grondwaterstandstijdreeks equidistant?

De vraag is hier of de tijdsintervallen tussen twee waarnemingen constant zijn, of
in ieder geval (zoals bij grondwaterstanden in Nederland) bij benadering constant.
Is dat niet het geval dan kunnen standaard transfer-ruismodellen en TARSO niet
worden toegepast.

Moeten de grondwaterstanden met een kleinere tijdstap dt worden gemodelleerd
dan de tijdstap tussen de waarnemingen?

Zeifs als de tijdreeks van de grondwaterstand equidistant is kan men de wens
hebben om de grondwaterstanden met een kleinere tijdstap te willen modelleren
dan die is waargenomen. In dat geval kan men geen standaard transfer-
ruismodellen en TARSO toepassen.

Is er sprake van drempel niet-lineariteiten, bijv. bodemfysische grenzen of
drainageniveaus en wilt u hiermee rekening houden?

Typische voorbeelden van dergelijke drempels die het bereik van de
grondwaterstandsflucuatie indelen in verschillende domeinen (de reactie op het
neersiag-overschot in elk domein is anders) zijn contrasterende bodemlagen zoals
klei op zand en het voorkomen van drainageniveaus die droogvallen als de
grondwaterstand eronder komt (bijv. greppels).

Is de tijdreeks van het neerslagoverschot equidistant en is het interval ervan
kleiner of gelijk aan het kleinste interval van de grondwaterstandsreeks?

Bij de toepassing van KALMAX, KALTFN, SSD, EMERALD en SWAP is het
mogelijk met een kleinere tijdstap te rekenen dan de tijdstap van de
grondwaterstandsreeks. De reeks grondwaterstanden hoeft zelfs niet equidistant te
zijn. Wat we hiervoor wel nodig hebben is een equidistante tijdreeks van het
neerslagoverschot met een tijdstap kleiner dan de kleinste tijdstap van de
grondwaterstanden. In de Nederlandse praktijk zal dit meestal betekenen dat
dagwaarnemingen van neerslag en verdamping nodig zijn. Als de
grondwaterstand tijdens sommige perioden met een nog hogere frequentie dan het
neerslagoverschot is gemeten, bijvoorbeeld elk uur met divermetingen, dan zullen
die grondwaterstanden moeten worden uitgemiddeld tot de tijdstap van het
neerslagoverschot. Grondwaterstandsfluctuaties van hogere frequentie dan de
meetfrequentie van de reeks van het neerslagoverschot kunnen namelijk niet uit
deze reeks worden verklaard.

Wilt u rekening houden met niet-lineariteit?

In het algemeen is de relatie tussen het neerslagoverschot en de grondwaterstand
niet-lineair. Dit heeft te maken met bijvoorbeeld droogvallende waterlopen,
contrasten tussen bodemlagen en variaties in het bodemvocht. Als u daarmee
rekening wenst te houden moet u (op deze plek in de beslisboom) SSD,
EMERALD of SWAP gebruiken.
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Zijn naast de grondwaterstand ook de drainageafvoer, de kwelflux (of de
drainageweerstand of de effectieve porositeit) doelvariabelen?

Als gekozen wordt voor KALMAX of KALTFN dan kan men er verder voor
kiezen om deze te koppelen aan een fysische interpretatie of niet. Het
deterministische gedeelte van zowel KALMAX als KALTFEN ziet er als volgt uit
(h,; is de grondwaterstand en P, het neerslagoverschot op tijdstip #):

h =c+alh_ —c]+bP

Als het drainageniveau # (ten opzichte van maaiveld) constant is (zie volgende
vraag) en bekend is (zie vraag daarna) dan kunnen de drainageweerstand y [T], de
effectieve porositeit ¢ [-] en de onderrandflux (kwel/infiltratie) ¢, [LT] uit de
parameters «.b en ¢ en de tijdstap At als volgt worden berekend (Knotters en
Bierkens, 1999):

b - Ar c—h
l-a ¥lna ¥

5

y:

Dit is de fysische interpretatie van KALMAX en KALTFN.

Wilt u rekening houden met meerdere drainageniveaus of variérende
drainageniveaus?

Het is in principe wel mogelijk om bij meerdere drainageniveaus (als deze niet
droogvallen en constant zijn) een fysische interpretatic van KALMAX en
KALTFN te geven. In dat geval is het echter toch aan te raden SSD of SWAP te
gebruiken. Bij variérende drainageniveaus moeten SSD of SWAP in ieder geval
worden gebruikt.

Is het drainageniveau (greppeldiepte of slootpeil) ten opzichte van maaiveld
bekend?
Zoals blijkt uit bovenstaande formules is het drainageniveau &, (ten opzichte van
maaiveld buis) nodig om een fysische interpretatatie van KALMAX of KALTFN
te geven,

Zijn er behalve het neerslagoverschot nog andere invioeden die in de tijd
variéren?

Dit gaat om de keuze tussen KALMAX en KALTFN. Als het neerslagoverschot
de enige invoervariabele is die de grondwaterstand beinvloed, dan kan men
afleiden dat de afhankelijkheid in de tijd van het ruisproces hetzelfde is als die van
de (deterministische) grondwaterstand (Knotters en Bierkens, 1999), In dat geval
kunnen we KALMAX gebruiken. In het geval dat er nog meer invloeden zijn
(bijv. rivierpeilen) die niet expliciet zijn gemodelleerd (anders was de keuze niet
op KALMAX of KALTFN gevallen) dan zitten die in de ruis. Dit betekent dat de
tijJdsathankelijkheid van de ruis anders zal zijn dan die van de grondwaterstand
zelf en is het gebruik van KALTFN op zijn plaats.
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Zijn alle grondwaterstanden dieper dan twee meter beneden mv?

Bij dat soort diepe grondwaterstanden speelt de vertraging en demping van het
neerslagoverschot in de onverzadigde zone een rol. Dat wordt niet gemodelleerd
door SSD, zodat EMERALD en SWAP de overblijvende opties zijn.

Wilt u de verdampingsreductie gedetailleerd modelleren?

In EMERALD en SSD is de verdampingsreductie zeer eenvoudig
geimplementeerd als een verliesfunctie die afhangt van het gemiddeld
vochtgehalte in de wortelzone. Wilt u de verdampingsreductie modelleren als
functie van de wortelverdeling en het vochtprofiel, de reductiefunctie variéren in
de tijd ten gevolge van gewasgroei of de verdamping opsplitsten in
bodemverdamping en gewasverdamping, dan zult u SWAP moeten gebruiken.

Heeft u informatie over k() per bodemlaag?

Bij de toepassing van EMERALD of SWAP dient u informatie te hebben over de
onverzadigde doorlatendheidskarakteristiek per bodemlaag. Deze informatie kan
direct beschikbaar zijn uit metingen of deze kan indirect worden geschat via een
vertaalfunctie gekoppeld aan de bodemtextuur via klassen (Wasten e.a., 1994) of
continue vertaalfuncties (Wosten, 1997) van de Staringreeks, in welk geval de
textuur van de bodem(lagen) bekend moet zijn. Is deze informatie niet aanwezig,
maar de verlangde informatie in de volgende vraag wel, dan zuit u SSD moeten
toepassen.

Zijn de volgende gegevens beschikbaar: bodemgebruik, &) bodem,
drainageniveau?

Om SSD, EMERALD of SWAP toe te passen moet u (onder andere) beschikken
over het bodemgebruik om de neerslag minus interceptie te berekenen uit de
KNMI neerslag en om de potentiéle verdamping te berekenen uit de Makkink
referentieverdamping. U wordt verwezen naar de beschrijvingen van SSD of
EMERALD (zie ook de HELPfunctie van VIDENTE) voor een tabel met
interceptieparameters en gewasfactoren. De pf-curve & ) van de bodem(lagen) is
nodig. Net als k() kan deze direct worden gemeten of worden afgeleid uit de
textuurbeschrijving van de bodem(lagen) via klassen (Wosten e.a., 1994) of
continue vertaalfuncties (Wosten 1997). Tenslotte moet u de drainageniveau(s)
ten opzichte van maaiveld kennen.

Bevinden de meeste grondwaterstanden zich binnen 50 em beneden mv?
EMERALD is niet erg geschikt voor het modelleren van zéer ondiepe
grondwaterstanden. In dat geval moet gekozen worden tussen SSD en SWAP.

Zijn de volgende gegevens beschikbaar: bodemgebruik, & y) bodem, k(y) bodem,
drainageniveau?

Om SWAP toe te passen moet u (onder andere) beschikken over het
bodemgebruik. Dit is nodig voor het berekenen van interceptie, verdamping en
eventueel gewasgroei. De pf-curve &) en de onverzadigde doorlatendheid ()
van de bodem(lagen) zijn nodig. Deze kunnen direct worden gemeten of worden
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afgeleid uit de textuurbeschrijving van de bodem(lagen) via klassen (Wosten e.a.,
1994) of continue vertaalfuncties (Wosten 1997). Tenslotte moet u de
drainageniveau(s) ten opzichte van maaiveld kennen.
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3 Graphical user interface

3.1 Setup

The DSS as well as the four models are controlled using a graphical user interface
(GUI) programmed in Delphi 5. The working of the GUI is mostly self
explanatory. Therefore, we will not provide an elaborate user manual, but gire a
global description of the set up and the input requirements.

In the start up screen the user can choose between running the DSS (option
“choose model” selected with the mouse), and each of the four models. Before
any actions can be performed a new project should be defined, or an existing
project should be loaded first.

The DSS starts by choosing first from one of the four sets of target variables and
then moving down a binary decision tree by answering questions with *“yes” or
“no” by a mouse click. The outcome of the DSS is either some method
implemented in VIDENTE, a method not implemented in VIDENTE or the
conclusion that further data gathering is required. If the outcome is one of the
models implemented in VIDENTE, a button appears which leads the user directly
to the input screen of that model by a click of the mouse.

For each model there is an input screen and an output screen. The input screen is
divided into four tab sheets, each of which is used to provide input (parameters
and input file locations) for calibration, prediction and simulation with the model.
These three modes are explained in the model descriptions in the subsequent
parts. After all entries have been filled in, the model can be run by clicking the
“Run” button. Also, a tab sheet is reserved for providing the input to the program
STATSIM, which is used for statistical analysis of realisations simulated with the
models (the output from “simulation”).

The output screen consists of two tab sheets, one showing graphical output (if
any) and one output text files (if any).

The help files can be accessed using F1, the speed button or the pull down menu.

VIDENTE stores the output in the directory (= folder) that has been indicated by the
user as the directory where the new project should be stored (called “data directory”
in the dialog box that appears when creating a new project). Project meta-information
is stored in this directory in a file with “[name piezometer]” as root and “.vpr” as
extension. For each of the models, subdirectories are created and within these
subdirectories sub-subdirectories named “calibration”, *prediction”, “simulation” and
“statsim”. In these sub-subdirectories the associated temporary input files for the

models as well as the output of the model runs are stored.
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3.2 Inputfiles

Model parameters are provided by filling in the screens. The input time series
have to be provided in the form of ASCIH files. These files can be placed
anywhere on the computer. When a new project is created, the files are copied to
the subdirectory at which the new projects is stored.

File with metcodata (see Figure | for an example file)

Precipitation and evapo-transpiration (mm/d) of the following format:

Record 1: ndata - number of records with meteodata (integer)

Record 2, ndata+1: year (integer, four digits, e.g. 1988)
month (integer, {1,2,...,12})
day (integer, {1,2,...,31})
precipitation (if necessary minus interception) (mm/day)
(real)
evapo-transpiration (mnvday) (real) (Makkink reference
crop evapo-transpiration in case of SSD and EMERALD)

- KALMAX, KATFN and SSD assume the values to be constant in the interval

<t,t+At]. In case of EMERALD time steps should always be one day (4r=1), so
that a record is needed for every day number.

4018 Vo R - .
1980 1 1 5.8 6.3
1980 1 2 0.6 0.3
1980 1 3 1.3 0.1

1980 - 1 4 9.1 )
1980 - 1 ‘5 4.2 6.1
1980 31 6 6.2 0.1
1980 1 7 0.3 0.1

BRI 111 ‘T B 0.8 0.1
1980 1 9 o 0.1
1980 1 10 0 0.1

. 1980 1 11 0 0.1
1980 i 12 0 0.4
1980 1 13 0 0.4

S 19B0.. . -1 14 ) 0.2
SEREEE -1 EEUEE s . £ S TR : D §

Figure 1 Example of input meteofile for VIDENTFE

File with groundwater levels (see Figure 2 for an example file)

File with water table depth (cm reference level)
Record 1: ndata - number of records with water table observations
{integer)
Record 2, ndata+1:  year (integer, four digits, e.g. 1988)
month (integer, {1,2,...,12})
day (integer, {1,2,...,31})
water table depth (cm reference level) (real)
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Note: intervals between observations do not have to be regular.

. 210 . _

©o1o83 179 -163.00
1981 2. 23 -126.00
1581 3 10 -96.00
1981 3 25 -97.00
1981 4. 9 -122.00
1981 4 24 -132.00
1981 6 23 -137.00

- 1981 7 ] -125.00
.1981 7 23 -134.,00
1581 g .7 -131.00
1981 s 21 -139.00
1981 10 6 -137.00
1981 10 21 ~-82.00

. ;1981 11, .5 ~105.00

Figure 2 Example of file with water table depths for VIDENTE

File with surface water levels (see Figure 3 for an example file)

Only used by SSD. For each drainage level a time series of either a surface water
level (time varying, draining and infiltrating) or a ditch or trench bottom (constant
in time, only draining) is given. Levels in cm with respect to the reference level
(=surface level for SSD).
Record 1: ndata - number of records with surface water levels

(integer)

nlevels — number of drainage levels recorded (integer)
Record 2, ndata+1:  year (integer, four digits, e.g. 1988)

month (integer, {1.2,...,12})

day (integer, {1,2,....31})

Fori= 1, nlevels

drainage level i (cm reference level) (real)

242 S

© 1980 3 31 -180 -850

1980 §° 31 ~140 - -50

1981 - 3..31 ~1B0. =50

219817 -9 3% 140 . <50

19820 3.31 -180°° =50
1982 9 31 -140  ~50
1982 12 31 -180 = -50

Figure 3 Example input file with varying surfuce water levels as used by VIDENTE (only used
by S§D)

SSD assumes the levels to be constant between two observations, where the
record given provides the last day of a period. So in this case, water levels of
drainage level 1 are 180 cm below reference level between January 1 1980 and
March 31 1980, 140 cm below reference level from April 1 1980 to September 31
1980, etc. Note that if the last record had not been added and we were modelling
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water table depth until December 31 1982, that the period Oktober 1 1982 to
December 31 1982 would have been given the value of —140, instead of —180.
Also, note that we have two drainage levels here. One surface water level varying
with time and one trench or drain with a bottom depth of 50 cm below reference.

3.3 Example run using KALMAX

In this section we present an example application of VIDENTE where it is used to
run the model KALMAX.

We have created a subdirectory called “demo” at which we have put our data
files, i.e. “debilt.met” containing 30 years of precipitation and potential evapo-
transpiration from meteorological station “De Bilt” (Netherlands) (period January
1 1961 — December 31 1990) and the file “debilt.gws” containing the water table
depths observed two times a month for the period 1985-1990. Our goal is to
obtain fluctuation quantities (mean highest water table (MHW) and mean lowes
water table (MLW), etc) for the entire 30 year period.

After starting up VIDENTE the following start up screen (Figure 4) appears:

Figure 4 Opening screen VIDENTE
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As can be seen, the user’s first action is to create or open a new project. For this
move the cursor to <file/new project> or <file/load project> or use one of the
speed buttons. The only action possible before a project is loaded is to change the
language from English to Dutch or vice versa. If a project is loaded or created and
the user wants to change the language again, the project has to be closed and
saved first. After the language has been changed, the saved project can be loaded
again to continue working on that project. Figure 5 shows the dialog box used to
define a new project.

Figure 5 dialog box to define a new project

Here a subdirectory c:\test123 has been created where we have copied the data
files from the subdirectory c:\Program Files\Vidente\Demo. The project
information will be stored in a file test123.vpr.

Now we can proceed with either entering the DSS or going directly to one of the
models. To give some idea about the workings of the DSS we show two screens
here (Figure 6), one showing a yes/no question and one ending screen that leads to
either the model KALMAX or KALTFN.
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file:///Prograrri
file://c:/testl23
file://c:/Program

Figure 6 Example screens from the DSS: left a yes/no question and right an endpoint leading
to one of the models

If the user wants to remember the choices made that lead to the model, these can
be printed out. Clicking on the KALMAX button will start the input menu of the
KALMAX model. In Figure 7 we start with the calibration tab sheet. We calibrate
the ARX model using the water table depths from 1985-1990. First the
deterministic calibration is performed. The closure crterium is used in the
optimisation algorithm and should be increased if obtaining a solution takes too
long. Figure 7 shows the input screen, where “mode = deterministic” is checked.
Note that the ouput.files automatically get the extension “.dat” so that no
extension have to be given. If one is given, it is replaced by *.dat”. This entails
that for the output files different names have to be given.

£ : &

Figure 7 Example input screen deterministic calibration with KALMAX
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After running the deterministic calibration, the program jumps to the output
screen (see hereafter) and a box appears (Figure 8) with the calibrated parameters,
some calibration statistics (ME, RMSE and MAE of the calibrated deterministic
model in cm) and the question whether we want them to replace our initial values.
If we agree the parameters are replaced.

Information -

Figure 8 Pop up box app dr:’ng afrer deterministic calibration

The next step is to run the stochastic calibration while using and fixing the already
obtained parameters from the deterministic calibration. The input screen can be
seen in Figure 9. Notice that also the characteristic respone time (days) is given
which can be calculated from the a-parameter (Bierkens et al., 1999; see Equation
(34) in section 2.4.4 of part 2). Observation of water table depoth should not be
taken further apart than 60 days in order to calibrate the ARX model with a =
0.951.

igure 9 Example input screen stochastic calibration with KALMAX
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After the stochastic calibration a similar pop up box appears with the question
whether the paramaters are to be preserved. Finally a calibration round is
performed with the mode *“both”. Here in front of each parameter a check box
appears (Figure 10). If the box is checked, the parameter is calibrated, if not it is
fixed. For unbiased estimates of the parameters all boxes should be checked. After
all parameters have been calibrated, again a pop up box appears (Figure 12)
showing the final parameter estimates and the final statistics. To preserve these
parameters and use them for prediction and simulation later on the user should
click “yes”. Note that in case of KALMAX these are predictions with the Kalman
filter and are therefore slightly better than those of the deterministic model (Figure
8) due to the updating (see chapter 2 of Part 2 of this report).

e i eyl ,

Figure 12 Pop up box appearing after total calibration
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The resuits of the calibration can be looked at in the output sceen, Each tab sheet
of each model has a separate input screen and output menu screen. For instance,
the calibration tab sheet of KALMAX has the input screen (Figure 11) and an
output screen {Figure 13). Which one the user is looking at is indicated by the
arrow on the left. The output screen itself consists of two tab sheets, a“graphics”
sheet showing ouput graphs if any are produced and “text” in which the content of
text files produced can be viewed. Figures 13 and 14 show the results of above
calibration. In Figure 13 a graph of observations and Kalman filter predictions is
shown, as well as innovations (differences between Kalman filter predictions and
observations) and the 95% prediction limits of these innovations. The text file
shows the content of the file with calibration results, i.e. the parameter values (the
line for which the number in the last column is smallest) and on the bottom line
ME, RMSE and MAE respectively.

*
[LL] CEES RN SR TR Nl DRy

I “e50 *&0 soo dp "!&‘ 1£°,um adiat 16 200 g
4 A
JIST A rREE

. .
: ey ot . Se,

ped [m)
R meas [m]
— v im)

- 25%(m]
—=— 97E%m

R AT 7 T T S

TMAX

A g el R ™,
Figurel3 Example output graphics screen from calibration with KA
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37
0.577052  -128 814011 12.173441
SE1419 -12B.772614 12 151899
577388 -12B8.921646 12 614452
577302 -128.781311 12 001726
562962 128 836212 12.165233
S [L09336 7.227198

Figure 1 .Examp! ompﬁt text screen from calibration with KALMAX

Once the calibration, is performed it is always wise to check whether the
deterministic part of the model is suitably parameterised (see section 2.4 of Part
2). To do this, a prediction run can be made without the Kalman filter updating
using the calibrated parameters. Figure 15 shows the prediction input screen,
Figures 16 and 17 the output screens. Note that on the input screen the theoretical
variance of the prediction error (without updating) is given. This variance is
calculated with Equation (18) in section 2.1 of Part 2. So an RMSE of about 10.8
cm is expected. The output files show that the fit of the deterministic model looks
satisfactorily and that the actual RMSE is somewhat smaller than the theoretical
one. Also notice that the validation statistics are slightly higher than those of
Figures 12 and 14, as can be expected as no updating is used here. The graphics in
Figure 16 can be printed directly or included into an Office document (Word,
Powerpoint) by using copy and paste.
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0.935412 0582962 128 836212 Db.060000
-0.090167  9.299902 7 657076

3

screen from prediction with KALMAX

Figurel7 Example outpwt text

Finally, using the calibrated parameters we simulate a sufficient number of
realisations of 30 years water table depth using the metodata from 1961 to 1990
(see input screen Figure 18). The results are analysed with the program
STATSIM. The input screen of STATSIM is shown in Figure 19. Results of
STASIM are a number of graphic files and a textfile with univariate statistics (see
section 2.4.4 of Part 2 for a description). Shown here are the text file with
statistics (Figure 20) and two graphics, i.e. the frequency of exceeding graph
(FOE graph) in Figure 21 and a regime graph in Figure 22.
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Figure 18 Example input screen formﬁoh with KALMAX

Figure 19 Example input screen for STATSIM
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Univariate Statistics

nean ~122.229385
variance 322 341614
stdev, 17.9683875
Jrd moment 872 .260986
P01 -162.454605
POS -151.442398
P10 ~145.226593
P25 -134.444901
P50 =122 344704
P75 -110 452964
P90 -39 306473
P95 -92.439323
F39 -78.767273
Hman Highest and Mean Lowest Water Table and Mean Spring Wat
nean 5% 50%
GEG(t) -148.902328 ~150.835037 -148 938451
GHG(t) ~54 B9GGE4 -96 508095 -94.391280
GLG(z) =148 146408 ~150.28457% -148.160324 ..
GHG(w) ~96.456451 -98. 563149 ~36.472969 -4
GYG(t) -120.845915 -123 663506 -120.817307

=== Pilgws<h] (daps per year)

e

Figure 21 Example outpﬁ? text screen STATSIM ;i“;;i;mg FOE grzzpmlrl
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Annex: Binary decision trees of the DSS

Following is a set of binary decision trees that form the basis of the DSS. The
DSS starts with choosing one of the four options, depending on the target
variables. Each option is the root of a binary decision tree that leads to the choice
of a method based on answering a series of yes/no questions. These questions as
well as possible outcomes of the decision trees are treated in chapters 2 (in
English) and 3 (in Dutch).

Alterra-rantnotrt 118 AQ



dYMS

Vodsuen
‘ssBuuLY 105 'ypmoiB
daw ‘aoid 2msiow

llos Jojpue € 58 ()

dYMs
aIvyans
ass

Wsuod
ainsicw Hos abriane
Jo/pue z se (g)

dYMS
aTva3Ina
ass
N3L7v
XVINTVYH

fysouod angoays
‘soussisal BSBUEIP)
amy wogeq
‘slieyosip
(aBeurEip) symeds
Jo/pue | s8 {Z}

S{epol Iy

Auo

wdep ajqe; Jegem (1)

¢sajqeLen abie)
|u aue jeypp




sk

tuidap

3|GE} JBJBM JO SUDIEAISSQO
8} UDBMBq |EAIBILI
1s6ifewSs 8y} 0} [enbe Ja
UBYY JB)[BWLIS SUOHBAIBSHO |4——ON
) UBSMIEK [RALBILI
8L} 5 pue fousnbeu)
WESUOS UM PIAIBSTo

ueaq Ujdep #iae} Jelem
40 88U8S BWI 3} SBH

S84

Zunoxoe
Ciul s3y} axEl O} ysim
noA op pue sapuBaul

-Lou ploysiu
AUB eusLp auy

LSUOIBAIDSD
usemaq [BASILI BuL}
Bl Uil sdals awn
lejiews yym wdap
Qlqe; Jajem el japow
1 Juem nok oQg

88

Jouanbay Wesuco
Lm peAssqo uesq

ON

sa00ud asI0U Uk Jo}
pajunogoe Apoidus )
souenyul [euolippe ‘@joN
ON

pdap e} ejem o
SO s S SBH

ipdap eiqe;
JEs JO SBLES AN ainbyy

siqesad Jou 8t ydep aigy
Joyem jo Buljlepow SISBLUOOIS

Ludap

ON

3L

éseiqeea ndul
leqonippe jo salias
Bl BABY NOA o]

88,

Lsuoneniony

8|0E] JGlEMm SoLenL

o Ay sefuenb

siqeyen Ayeioduis)

leuchippe 3k

SO

Juoneidsued;
-odeas pue

uoneydicesd jo saUes
auy eaey nok og

9[qE) Jejam Jo Seues 4
Buig B sy hoA 0g

Siapowt iy

ON




[igooB]
dvms
avyang
ass
NALT
XYWV

BEpOSIBW alNLOY

iarssod 10u 51 Ydap SigE!
Jaem jo Bulepow agssyoo)s

88/,

ON————W

SYTHLYWN (LYISNID ees
ebmjoed sy ut Jou
Buiapou-NaAL (S1dRINI}

uofesea |esibojojewio
10§ 1954500 0} Widap aiey
Joem anejodenxe o} pasn
aq JouUED siISAELR SaleS
sWY SEUBAUN JBL) SION

s8A

AVIHLIYW 1VLISNID 998
afigord s1q U1 10N
dvyLas
Yy ‘Be 'sisdeus
53108 SR eyelBAlLN
LeAgBLIaje

EjERoelsl Gilnboy

i

ON

|




Ies o1 o8]
dYMS
ass

[zs o1 ob]
dYMS
gvdana
ass

AW Uum Alea
12U s|aAs| abeumip
J0 [eAst sbeuigIp SU0
Ueu) aloul Jo Juncaoe
sye) ) Juem nod og

LInoaoe
o Auesu-uou
2HEg 0} jUem nok og

sa)

auidep
8|qE) J8jBM JO SUDBAIBS]O
el usamieq |easat
1s8jews euy) 0} Bnba ko
UBY] JB{jELUS SUONBAIBSGO

{@vIHLYIN ‘LYLSN39 ebexoed sip
un wssadd jou) sxqissod jou voneodenx
:s|sAjgue seuas aw) sxeueaun Gusn
fuo wyidap B|qe] JAEM [OPOLL SAfBLLSYY

‘pesinbos aus siseq Apep
B UG gIBpoaIstl J| sqssod

S useAeq fEAIBIL o

By} s1 pus Aauenbasy
UEBISLOD UNM PAAISSOD
ueaq Ldep 918} Jorem
10 SBUBS AU AL SBH

BOA

élpdep

Ao st uBm nok 1BUYA

pdap aige)
Jayer Jo seues ews ennboy

8|qE) JejeMm JO 5aLSS ON
R B aney noA og

JdYMS
givaana
ass
NALT
XVINTVA

sigies0d 10U 5 SeqRLEA
paea o yded 8iGe
smem o Buyspow ofsewooS




N2 LI

fuogenony a|qs)
JBjeMm S souanyul

12U salqeLea
jeuoqippe alBy awe
‘snidins uonepdoad

ey way vedy

c{Ausoiod angoaya Jo

souEsisas sbeuiesp
10) XN WioRoqg

‘sBuisyosip abeuisip

ON

enmeidisu euosshs © epmaude) eussiid

NALTW XYWTY

Luanemony sjqe}
JEyEm AU} esuanyu
1B} SO|GBUEBA
{EUCHIPPE Sial) e
‘snjcuns uoneydiceud
8u) wiay yedy

s9A NALTYH 10 XYIWTVY Ui Ajuo
Lpdep a/qey Jsem Bulipow eARsLeYE

umouy

=%Muzwn__cne £§=m 18 PEIDGYCO 8| LORBULONA
{ana( Jeiem aoepns oN—3  Aipssaoat ai i s|qiesod

10 Youal Wogoag) zEﬂEE:&g

|oas) efBuieip au §|

oypads spniou; os(e
sslgetien 150 Jo 18]
aup saop ‘ydep eiqe}
Jajem ey} woy pedy

DZ.

SBA



wm>|l_|oz
4 N\
LEOBYINS BLY MOJSq W Z

uewy Jefie) supdep je
Sunenpny a|qe) Jejem st §f

N J

ON

{BOBUNS BUY Mojeq W Z
ueyt Jabire) sypdop e
Bugemony siqet Jejem au; §|

eor

Judpues
-J@memapsiusddo
SteqElIEA
sa jo sheonusbeuiep ON

aiepIesL
oL uepnoy
Buiuayau 1 HIAA
(VMY "Ly1SNID ebesoed sip
ut Juasaid jou) ejqissed 1ou uogejodeup
SeABUe saues el sieueaun Busn
Auo yidep siqE] JejeM [PPOL SARBWSIY

se

aqidap
6|02 J91BM JO SUSTIBAIBSYD
Bl Uaaweq jerenul
1sejjews By} Q) [enke o
uBYy] JejjELIS BUONBADSGO

=}
=

)l uaemieq [eAIBIL
ey} 81 pue Lousnbayy
JUBSUOD LM PRAISSQD
upag yidep ajqe) Ielem
40 S0LGS ALY BL) SBH

sap

&uidep

"pesinboe eue siseq Aep
© L0 EepodaL § sigissad -
Ruo 5| Jem oA Y8

s(qe] Jajem Jo SSuRs ON
awn e sABY nof og

dYMS
aTvyanwa
ass

. wpdep sigel
Jejem JO-SaUSS Blug annbay
- Sjgssod Jou 91 seigeuEA

pajEas Jo dsp sige
ayem Jo-Bujspalsl agsBLong




“Elapoill SeUes W

JAUI0 JO OSHYL ‘NALTYN "Xy Tv
Bupsn Aguo yidep eige) seem Bujiepow
‘Bungpey

BIE BIEP TSOU) 0 OLUOS J) SEABLIBYY

[¥S 07 o8]
dYMS

iss o off] Jyms
ass

I PRoR|od
€ uofmuui)
Alpssanau

- au y eiqissad Auo
81 UM NOA el

ass

sap

88\

Lione) sbeulep-
llos (h) -
asn puel -

‘Ejep Bumojjoy
au anay nok og

S3A

itofe 108 sod ()Y
ncqe uoRELLDU
aAey no og

ciesp
Ul uonaidsueq
-odeas jo
uconpal Syl [spol
o] tuBm nNodk og

834

1eas| abeuresp-
fos (Kb -

ON oN

Fsh pue| -
‘ejep Sumoloy
8L 3By Mok og

BA




“Sjapoili SBUAT BLUI) 1910 10
OSHEYL ‘NSLTeH 'XvW 1w Buisn
Aua yplap sige) Jeiam SuiepoN

'S1GPOW SBLGE SN K0 10
OSHYL ‘NALTY® “XvIN1¥Y Buisn
Ajue gdep el Jawem Bunspow

Busoly e :Buppos) s
B1E 95941 JO QWS J) nn>mmm..w_w HIB0 G531 J0 BLN0S J) SBARBLGIY
[¢s o1 0B] gyMms el petoeico. e T PSOONc
8] U : 8t UG
[¥s o3 o8] : lss ) 0B dvMS et ass Priatonn fas @ of] dvms [¥S o3 o8]
dYMS e s oup  oidissod Ao a1p § exssod Auio REE dvMS
1 JUBA NOK JRLA Bl JUBM NOA JRUAR
ass o R
r Y F r 3 2
&0 05 eyl
L J9||Ews sBUes L)
N ey o sudep o [ oA oN
Ja1EM 8l 4O SOl Bl
$3A 884
¢lans abeumzip- Liena| aBeurerp-
Ios (g - fos () -
esn pue| - 88N pig) - oN
“ejep Bumworioy ‘Bep Bumoijol
s} anel nok og a3y} aney hok og
s8A
iione| abeujep-
- fos (#y -
oN flos @y -
1adey os sed (M) asn pus| -
NOdE uogeuLIou) ON =ep Bumolio
aapy nod og 8 aney nok og
._.__ﬂﬂu
ul uofedsuel
Lleep
ur uopaiidsLRg o :.anm_,m 10 sop—
59 -odens Jo =] faNpaJ Sig [spoLu

uoienpal s |epow
©) JUBMm NoA 00

oy jues nod ag

885




omagm_sc_gho&a.sz..
dYMS .

ol

\ndap 2199

Jglem Jo seues awg aunbay sudep

o|qe} sajem Jo seues
allfn e sAYy hek o

siqusod jou & seiqeueA [T ON

pajele) 1o Ljdap sae)
Japam jo Bujspow Jnseusag

'S|SpOW $3USs SR JBLRO Jo

OSHVL ‘NALTO XYWTwH Um Auc ydep
3jge) Jsiem |SpoW Bunoe| Sie Elep JBLRO -

lepol <= GSS : Bunioe| st :aAg) fog tad (A -

¢leng| aBewmip-
llos (A -
jlos Mg -
ash pue} -

‘Epep Buwmoyjo)

BU} SABY NOA 6Q

SO/

Lihidep
B|g5] JE1BM |0 SUDRBAIBSIO
BU} LUBBMIE] [BAIEILL
1s8j/BWS ay) 0} @nbe Jo
UEL} 18IS SHONBAESGO

13kB] SAIAYS BUO S8 |I0S (vTHLYW ‘LVLSNID :abeyoed
sif Ul Juaseud Jou) ejqissod Jou uonejodenxs
#isfiBuB saues swy ajeuenun Busn

uBUM saARBLIB)Y Ajuo idep B|qe) Joyam PPOW ALY

¥

T8y PERISHOO 8] LORBELLIOJU] peunboe ale sigeq Ajlep
Aressaoau 94t 3l sigssod B LD eppoassul | aiqissod
Ajuo st jsm nok JEUAY £jtio 81 JuBM NOA TEUAA

ON

S ueamleq |eAleiLl
4] 91 pue Aouentey
JUBISLIOS LI PaAISsdo
ueaq Lydep siqe} Jaiem
o 561 BUIN AL) SBH

dvYMS

ON



Part2: Documentation KALMAX and KALTFN

Programs for modelling the water table depth using transfer
function-noise models.
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1.  Model, input variables and parameters

1.1  Model description

An extensive description of the models and their use can be found in:

English

Bierkens, M.F.P., M. Knotters and F.C. Van Geer, 1999. Calibration of transfer
function-noise models to sparsely or irregularly observed time series. Water
Resources Research 35(6), 1741-1750.

Dutch

Bierkens, M.F.P, M. Knotters and F.C. Van Geer, 1999. Tijdrecksanalyse nu ook
toepasbaar bij onregelematlge meetfrequenties. Stromingen 5(2), 43-54,

Here follows a brief description of the models and their parameters.
The basic model used in KALTFN is the following transfer function-noise model:

he =h; +n, (1)
h, =ah,_ +bP, (2)
n,=c+é(n,_ —c)+e, (3)
with
k discrete time steps of size At,i.e.t = kAt k =0,12,...;

h, water table depth [L] at time step k ;
h, deterministic part of the water table depth [L] at time step & ;

n, auto-regressive noise process [L] at time step & ;

€,  zero mean discrete Gaussian white noise process at time step & ;

Py precipitation surplus, i.e. average precipitation minus average potential
evapo-transpiration between (kK —1)Ar and kAr .

Equation (1) shows that the water table depth consists of a “deterministic” part
(Equation (2)), which is explained by variations of precipitation surplus, and a
“stochastic” part (Equation (3)) which describes the part that is not explained by
precipitation surplus. Equation (2) is called the “transfer function model”, and
Equation (3) the noise model. The total model is therefore called .a transfer
function-noise model (TFN model). A TFN model is therefore a stochastic model
and h; a stochastic process. In chapter 2 the nature of stochastic processes is
described.
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The following parameters are distinguished:
a auto-regressive parameter of the transfer model [-];
b moving average parameter of the transfer mode! [T];

¢ average level of the noise process, which is the average water table depth in
case Py=0 for all k;

¢ auto-regressive parameter of the noise model [-];

2
Og  variance of the white noise process € [L?].

The KALMAX model is somewhat simpler. Here we have that ¢ = aso that the

TFN model (1)-(3) reduces to a so called auto-regressive exogenous variable
model (ARX model):

h. =c+a(h,_,—c)+bP +& ‘ 4)

In Knotters and Bierkens (2000) a physical interpretation of the ARX model (and
the transfer component of the TFN model) is given. Figure 1 shows a simplified
water balance of a soil column. Apart from the precipitation surplus P; and the
water table depth /4 the following variables and parameters determine the water
balance of a soil column (see Figure 1):

h, the drainage level (surface water level or trench bottom) [L];

g,  the flux from/to the surface waters (LT'], which is assumed to be linearly
related to the water table depths as:

> (5)

¥ the drainage resistance {T];
H effective porosity (specific yield) [-];
q., flux from/to deeper groundwater system (LT;
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Figure 1. Schematic representation of the water balance of a soil column

Based on the simple model of Figure 1 Knotters and Bierkens (2000) derived the
following relationships between the ARX (transfer) parameters and the
hydrological parameters above:

a= exp[-_-é—t]

4
b=y(l-a) (6)
c=3, +h

So, if the ARX model (4) or the transfer model (2) is calibrated to a time series of
water table depth and the local drainage level h; is known, we can invert
relationships (6) to calculate hydrological parameters that characterise the local
water balance and groundwater dynamics:

_ b
4 l1—a
— At
¢_ylna ™
c—h,
q. =
7

From the time averaged precipitation excess <Py> the time averaged water table
depth <h;> can be calculated, using either the hydrological parameters or the ARX
parameters:

<h, >=h +Hg,+<P >|=c+—<Ph > )

-4
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1.2  Input variables and parameters / invoervariabelen en
parameters

Next we list the input variables and parameters used in the programs KALMAX
and KALTFN (units between square brackets). First the English version is given,
therafter the Dutch version.

English:

Input variables

P, average precipitation surplus (mm/d) between (k —1)Arand kAr,
calculated as the difference between precipitation P, and potential evapo-

transpiration E}:
P, =P -E} 9)

Because we are dealing with statistical models, we are generally satisfied with
using the observed values of precipitation and potential evapo-transpiration from
nearby meteorological stations. In the Netherlands this means that for potential
evapo-transpiration the so called reference crop evapo-transpiration of

Makkink E7 is used (see Winter et al., 1995), which gives the transpiration of a

full grass cover under optimal conditions of water supply. For very different
forms of land use (e.g: forest), or if one seeks a physical interpretation of the ARX
parameters (Equations 7) it may be worthwhile to correct the precipitation surplus
for rainfall interception and different potential evapo-transpiration:

P =Q-F)F~ (10)
and

E* = F.E! (1t
where
F; interception fraction (-);

F. crop factor (-);
precipitation (mm/d) as observed by the meteorological station without
interception.

Table 1 list for a number of different land use classes the crop factor F,, (Equation
5) as well as the interception fraction F;. Note that Equations (10) and (11) are not
executed in KALMAX or KALTEN. Thus, if one desires to correct precipitation
for interception and evapo-transpiration for crop type, these corrections should be
performed outside KALMAX or KALTFN and the corrected figures put into the
input file.
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Parameters KALMAX (ARX model (4

a auto-regressive parameter (possibly between -1 and 1; typically between 0.9-
0.99);

b moving average parameter (days/10). Values typically range between 1 and
10;

¢ level parameter (cm with respect to surface, e.g. -130);

o? variance of the white noise process &, (cm?). Typical values range between 5
and 50 cm’;

O'j variance of measurement error (sz); only used in case the Kalman filter is

used (see chapter 2). In most time series analyses set to zero.

Parameters KALTFN (TEN model (1)-(3))

a auto-regressive parameter of the transfer model (possibly between -1 and 1I;
typically between 0.9-0.99);

b moving average parameter of the transfer model (days). Values typically
range between 1 and 10;

¢ level parameter (cm with respect to surface, e.g. -130);

¢ auto-regressive parameter of the noise model (between 0 and 1); Typical
values range between 0.5 and 0.99;

0'52 variance of the white noise process £, (cm?). Typical values range between 5
and 50 cm’;

o} variance of measurement error (cm®); only used in case the Kalman filter is
used (see chapter 2). In most time series analyses set to zero.

Nederlands:
Invoervariabelen
P gemiddeld neerslagoverschot (mm/d) tussen (k —1)Ar and kAr, berekend

als het verschil tussen neerslag P, and potentiéle verdamping E? :

P, =P —E} (9)

Omdat het hier gaat om statistische modellen is het meestal voldoende om te
werken met de waarden van neerslag en potenti€le verdamping zoals die worden
gemeten op nabijgelegen meteostations. In Nederland betekent dit dat voor de
potentiéle verdamping de Makkink referentieverdamping E; wordt gebruikt. Deze
geeft de verdamping van gras dat optimaal van water wordt voorzien. Als men
rekening wil houden met andere vormen van landgebruik en de ARX of TFN
parameters fysisch wil interpreteren (zie Vergelijking (7)) dan kan het de moeite
waard zijn om de neerslag te corrigeren voor interceptie en de verdamping te
corrigeren met een gewasfactor:
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P =(-F)P’ (10)

en
E =F.E; (11)
waarbij
F; interceptiefractie (-);
F. gewasfactor (-);

P."  neerslag (mm/d) zoals waargenomen op het meteorologisch station.

Tabel 1 geeft voor een aantal verschillende landgebruiksklassen de gewasfactor F,
en de interceptiefractie F;. We merken hier op dat vergelijkingen (10) en (11) niet
in KALMAX of KALTFN zijn geprogrammeerd, zodat deze berekeningen buiten
KALMAX en KALTFN moeten worden uitgevoerd en als gecorrigeerde waarden
aan deze programma’s aangeboden door ze in de invoerfile te zetten.

Parameters KALMAX (ARX model (4))

a autoregressieve parameter (-) (kan tussen -1 en 1 liggen, maar ligt meestal
tussen 0.9 en 0.99);

b moving average parameter (dagen/10). Waarden vari€ren meestal tussen | en
10;

¢ niveauparameter (cm referentieniveau, bijv. -130);

o‘f variantie witte ruis proces £, (cm?). Waarden variéren meestal tussen 5 en 50
cm’; .

o*j variantie meetfout (¢cm”); wordt alleen gebruikt bij toepassing van het Kalman
filter is (zie hoofdstuk 2). Bij tijdreeksanalyse is deze meestal gelijk aan 0.

Parameters KALTFEFN (TFN model (1)-(3))

a autoregressieve parameter van het transfermodel (-) (kan tussen -1 en | liggen,
maar ligt meestal tussen 0.9 en 0.99);

b moving average parameter van het transfermodel (dagen/10). Waarden
variéren meestal tussen 1 en 10;

¢ niveauparameter (cm referentieniveau, bijv. -130);

¢ autoregressieve parameter van het ruismodel (kan tussen O en | liggen, maar
ligt meestal tussen 0.9 en 0.99);

o'f variantie witte ruis proces £, (cm?). Waarden variéren meestal tussen 5 en 50
em’;
2 . . 2 . . . .
o, variantie meetfout (cm”); wordt alleen gebruikt bij toepassing van het Kalman

filter is (zie hoofdstuk 2). Bij tijdreeksanalyse is deze meestal gelijk aan 0.
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Table 1. Crop factors and interception fractions for various crops and land use (sources in
Jootnotes) '

Crop/landuse F. F
Grassland 0.96" 0.00
Potatoes 1.03! 0.00
Beets 0.98' 0.00
Grain 0.95" 0.00
Maize 0.92! 0.00
Other crops 0.38! 0.00
Fallow 0.70* 0.00
Deciduous wood Loo? 0.2¢°
Coniferous wood 0.80° 0.40°
Tree nurseries 1.00° 0.20°
Other trees 0.90° 0.30°
Heath 0.70° 0.00
Wetland vegetation 1.04* 0.00
Dryland vegetation 0.70° 0.00
Other vegetation 0.87° 0.00
Orchard (soil not covered) 0.91° 1.06’
Orchard (grass strips) 0.97° 2.06°
Sports field 0.96* 0.00
Public garden 0.97° 0.06°
Horticulture under glass 1.30'° 1.00
Horticulture not under glass 0.88" 0.00

' Crop factor of average growing season according to Feddes, R.A., 1997. Crop factors in relation fo
Makkink reference-crop evapo-transpiration. In: Verslagen en Mededelingen 39, pp. 3345, CHO-TNO,
The Hague.

2 Jansen, P.C., 1986, De potentiéle verdamping van (half-)naurlijke vegetaties. ICW nota 1703,
Wageningen (in Dutch).

3 Moors, E.J., A.J. Dolman, W. Bouten en A.W.L. Veen, 1996. De verdamping van bossen H.O 19(16), 462-
466 (in Dutch). Furthermore, the parameters for “tree nurseries” have been taken the same as for deciduous
wood, and those for “other wood™ as the average of deciduous and coniferous wood.

4 Seasonal average of Molinia from Moors, EJ., JN.M. Stricker and G.I), van den Abecle, 1998. Evapo-
transpiration of cut over bog covered by Molinea Caerulea. Agricultural University, Department of
Environmental Sciences, report 73, Wageningen.

5 verage of wetland and dryland vegeration.

¢ Assuming a tree coverage of 30% we calculate:

Orchard {soil not covered): F, = 0.7x0.88 (other crops} + 0.3x1.0(deciducus trees) = 0.91
Orchard (grass strips): F = 0.7x0.96 (grassland) + 0.3x1.0(deciduous trees) = 0.97

7 Assuming a tree coverage of 30% we also assume 30% of the interception of deciduous wood yielding an
interception factor of 0.3x0.20 = 0.06. o

® Taken the same as “grassland™.

% Taken the same as “orchard (grass strips)”’

0 All water is intercepted. The evapo-transpiration for horticulture under glass in the western part of the
Netherlands is about 700 mmvyear, which is about 1.3 times the average reference evapo-transpiration for
that area (personal communication Philip Hamaker). The excess water needed is obtained from the
intercepred precipitation water that is collected in tanks.

"'"Taken the same as “other crops”.
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2.  Stochastic modelling: prediction, simulation and
calibration

There are two different ways of using the stochastic models: prediction and
stochastic simulation. In the following sections these two different ways are
further explored. The section thereafter explains how the ARX or TFN parameters
can be estimated from time series of water table depth through calibration of the
ARX or TFN models. Finally, the last section recapitulates how the application of
the ARX/TFN models to a practical problem proceeds.

2.1 Prediction

Before we start with explaining prediction, we have to explain the nature of &
when it is described with stochastic models. It means that we are uncertain about
the exact variation of & with time. We do know that it is likely to be lower in the
summer time and higher during the winter, but there is still a lot of unknown
variation left. This variation is due to errors in our inputs, model parameters and
the fact that our model itself is only an approximation of realicy. Therefore, we
vision that 4, is not described by a single function of time, but as a collection of
possible functions, each of which are equally probable of describing the real but
unknown variation of k. Figure 2 illustrates this concept, showing four equally
possible functions (note that for convenience we have drawn them as continuous
functions)

A
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Figure 2 Equally probable realisations of the stochastic process hy

One particular function is called “a realisation” and the whole collection of
equally probable realisations, usually an infinite number of them, is called “the
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ensemble” and 4, is said to be “a stochastic process”. Now reality is assumed to be
on of these possible realisations, however which one exactly is unknown. We
would want our prediction to be such that the prediction error is minimal.
However, because we do not know which of the realisations is reality it is not
possible to evaluate the prediction error either. Instead, we are forced to look at
every time step at the difference between our prediction and the values of all

possible realisations. Suppose that #is the prediction andh”the value of

realisation number i, then we seek a prediction for which the following properties
hold:

1. The prediction error, i.e. the difference between our prediction and the
realisations, is on average equal to zero:

3 [h, —h]=o0 (12)

i=1

2. The average squared prediction error is minimal (as small as possible):

3 [h, -5 ]" = minimal (13)

i=l

It turns out that we achieve this if we take as prediction at every time the average
of all realisations:

he = Elh1= > b (14)
i=

The average of all possible realisations is called “the expectation” or “expected
value” of the stochastic process /i and is usually denoted with the operator E[J. If
a prediction is such that it has properties (12) and (13), it is said to be *“unbiased”
(Equation 12) and “optimal in least squared sense” (Equation 13). If we describe
the stochastic process h; with the TFN model or the ARX the expected value is
the deterministic part of these models:

}}k =c+a(i;,‘__1 —c)+bP, (15)

Figure 3 shows the realisations with the optimal prediction. Also shown is the
95%-prediction interval which gives for every time step the boundaries that
contain 95% of the realisations. Because the noise &, has a Gaussian (normal)
distribution, the 95% prediction interval can be calculated from the standard
deviation of the prediction error o.(?) as follows:
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|4, +1.96¢. |

with
(16)

For the TFN model the variance of the prediction error o] is equal to the variance

of the noise process #; (o, ) and can be calculated as (Bierkens et al., 1999);

0.2
. =0, =—= 17
s (17)
For the ARX model this variance is given by

. O}
o, = 2 (18)

1-a

A
h(?)
>
!

Figure 3 Prediction with the deterministic model (solid line) and boundaries of the 95%
prediction interval (dashed lines); grey lines are a number of realisations.
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Figure 4 Correcting a prediction (solid line) with an observation without an observation
error (Figure 4a) and with an observation error (Figure 4b). The dashed lines show the 95%
prediction interval, which will be of zero width at the measurement time in case 4a and of
limited width in case 4b.

In case we have observations of /i, we can use these to further improve the
predictions. This is shown in Figure 4. Here we have a clue about the realisation
that stands for reality because it has been observed a number of times. If the
realisations were without error, than the best strategy would be to simply set the
predicted value equal to the observation as soon as the observation comes in
(Figure 4a) and proceed from there. At that time the prediction error would be
zero. If there is an observation error, the truth would be somewhere in between
and an improved prediction would be some weighted average of the prediction
and observation. The prediction error would than be somewhat smaller than the
observation error (Figure 4b).

An algorithm that performs such a correction is called the “Kalman filter”,

Suppose that ﬁm-x is the prediction at time step & that has been obtained using (15)

and corrections for all observations up to and including time step k-1 and at time
step k an observation y, is available. The corrected prediction is then obtained as
follows:

3 el
S O-E'kﬁ] ~ Jl:lk~l
by =|1-——%L |
Lk 3 3 kk -1 ] 3 k (19)
o-klk—l + O-yJt o-klk-l + o-.w
where
s the “time update”, which is the optimal prediction at time step k given

all observations up to including time step &-1. The time update is such
that the difference between the time update and all realisations is on
average zero and that the variance of this difference is minimai:

g [f’;m-_. —h]=0 (20)

Ot = i [ﬁk;k-l ~]" = minimal 1)

i=l
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O';T"k_, the variance of the error in the time update as defined in (21), which is
calculated by the Kalman filter;
the “measurement update”, which is the optimal prediction at time step

=

k given all observations up to including time step k. The measurement
update is such that the difference between the measurement update and
all realisations is on average zero and that the variance of this
difference is minimal:

oo

S iy -n]=0 22)

i=l

O = i[ﬁk,k —h;.“]2 =5 minimal (23)

i=1

T the variance of the error in the measurement update as defined in (23)

which is also calculated by the Kalman filter;

o, the variance of the error in the observation.
\

the time update is calculated by application of the deterministic model (15)
between time steps k-1 and k with measurement update A(k —1 |k —1)as initial
condition:

ﬁk]k—l =c+t a(ﬁk—llk—l —c)+bP, (24)

From Equation (19) the workings of the Kalman filter become clear. If the
observation error is small compared to the model prediction error (i.e. the time
update), the updating in (19) will be such that the measurement update is close to
the value of the observation. On the other hand, if the error in the time update is
small compared to the observation error, i.e. the model is very precise when
compared to the observations, the measurement update resembles very much the
time update. The weight used in the weighted average (19), ie.
G o> )] is called the “Kalman gain™,

If at time step & there are no observations available, we simply have:

A -~

2 2
O = Orp-1 : (26)
If for a long time no observations are taken we have that o}, =0}, | — 02, ie.

the Kalman filter prediction variances become equal to the prediction variance of
the deterministic models, as given in Equations (17) (TFN) or (18) (ARX).

Figure 5 is similar to Figure 3, but now we have a number of observations present
and predictions are performed with the Kalman filter. For convenience, we have
shown the case with no observation errors. At a number of time steps observations
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are present. Again, our unknown reality is modelled as a large number of equally
probable realisations. However, because we have observations, only those
realisations are eligible that pass through the observations (in case of a small
observation error, the realisations do not have to pass through the observations
exactly, but should pass close by). The time update is shown, as well as the 95%
prediction interval. Because the predicted water table depth is updated, the
variance of the prediction error is smaller than without updating (Figure 3); to put
it in another way: the averaged squared difference between the prediction (time
update) and the realisations is smaller than without the use of the Kalman filter.

I

Figure 5 Prediction with the Kalman filter (bold solid black line) and boundaries of the 95%
prediction interval (thin solid black lines); grey lines are a number of realisations, all passing
through the observations; black dots are observations.

2.2  Stochastic simulation

Prediction of water table depth is important if we are interested in the actual, but
non-observed water table depth. However, in many applications we are not
particularly interested in the actual water table depth, but in some fluctuation
quantities. For instance, we may be interested in the probability that at any day in
the near future the level of 30 cm is exceeded, or we want to know the mean
highest water table depth (MHW) or mean lowest water table depth (MLW) (Van
de Sluijs and De Gruijter, 1985). These fluctuation quantities cannot be estimated
from the predicted water table depth, because the predicted line typicaliy
overestimates the low values and underestimates the high values (see Figures 3
and 5). The reason for this is that it tries to minimise the squared prediction error
(Equation 16). In this case we should do the following (See Figure 6);
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Figure 6 Example of simulating 100 realisations of water 1able depth and estimating the
probability distribution of MHW from it.

1} simulate a large number (at least 100) realisations of the stochastic process
using either the TFN model (1-3) or the ARX model (4) where the £, are
simulated by drawing from a Gaussian distribution with mean zero and
variance 07 ;

2) for each simulated realisation the appropriate fluctuation quantities are
estimated. For 100 realisations this yields also 100 values of this property,
e.g. 100 MHWs and 100 MLWs;

3) the cumulative frequency estimated from the replicas of the fluctuation
quantity (e.g. the 100 MHWS and MLWs) represents an estimate of the
probability distribution of the fluctuation quantity. This probability
distribution expresses the uncertainty about the true value of the fluctuation
quantity, uncertainty that arises from our model’s inability to predict the
unknown water table depth exactly. Usually the average of the replicas is
used as an estimate of the true but unknown fluctuation quantity and as a
measure of uncertainty the 95% confidence interval is calculated.

2.3 Calibration

To apply the ARX or TFN models at some location parameters {a,b,c,0 } (ARX)

or {a,b,c, 9,02} (TFN) must be obtained by calibrating the models to a time series

of water table depth. In case of a deterministic model, calibration only involves
the minimisation of some least squares criterion between predictions and
observations. However, in this case we also have to calibrate the noise
parameters ¢ and of. For linear stochastic models this parameter could be
estimated separately from the residuals (differences between deterministic
predictions and observations). However, even for linear models, such a two step
approach generally leads to biased parameter estimates (see Te Stroet, 1995).
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Also, if the time series is very irregular (not a constant frequency), estimating
¢and o} is quite problematic. Here, a method is used combining the Kalman

filter and a maximum likelihood criterion that, given the assumptions (model
prediction errors and measurement errors are Gaussian distributed), provides
unbiased maximum likelihood estimates of the parameters. The method can be
used for irregularly and sparsely observed time series and has the added advantage
that it able to take account of measurement errors.

If we have M time steps with observations (not necessarily with regular intervals
between them), the method proceeds as follows (we assume that the input time
series, i.e. precipitation and potential evapo-transpiration have been collected for
the period for which we have observations):

1. choose  initial values for  parameters {a,b,c, O‘f HARX) or

{a,b,c.¢,0}(TFN);

2. use these parameter values to run the Kalman filter for the period that contains
the observations. This yields for each observation occasion an “innovation™

n =y, _’;m-: and the associated innovation variance (calculated by the
: 2 2 2,
Kalman filter, see Bierkens, 1998) o, =0, +0,;

3. From the M innovations and innovation variances the following maximum
likelihood criterion is evaluated (Schweppe, 1973):

; i 21, - n;
J=Minen+Y b [+ = 27)

=1 =1 n;

4. Choose a new set of parameters {a,b,c, 0'3 }(ARX) /{a,b,c, ¢, of }(TFN);

5. Repeat steps 2 to 4 until ML-criterion (27) is minimised. The resulting
parameter set is a maximum likelihood estimate of the parameters.

Minimisation of (26), i.e. choosing the new set of parameters in step 3 such that

the value of (26) will decrease, is done with a minimisation algorithm. In SSD the

*downhill simplex method” is used (Press et al., 1986).

24  Systematic application of KALMAX and KALTFN: step by step

In the following example we assume that we have a location for which
precipitation and reference evapo-transpiration are known for the years 1970-1999
and we have observations of water table depth available with an observation
frequency of two times a month for the years 1995-1999, Application of the
ARX/TFN models has two goals. First, we want to estimate fluctuation properties
(MHW, MLW etc.) at the location. Second, we aim to monitor the water table
depth on a daily basis in the future, while maintaining an observation frequency of
two times a month. The following steps are taken:
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2.4.1 Calibration

The parameters{a,b,c,0. (KALMAX) or {a.b,c.$,07}(KALTFN) are

estimated through calibrating the models to the observations from 1995-1999
(section 2.3). Usually it is assumed that the observations are without error, as in
time series analysis. However, an observation error variance of 1-4 cm® is
appropriate for most piezometer data. Although in theory the parameters of the
deterministic model part {a,b,c}and the parameters of the stochastic

part{$,o’} should be calibrated simultaneously, it is recommended to use a

three-step procedure in KALMAX or KALTFN (in VIDENTE these three modes
can be chosen from in the Calibration menu):

1. first, the parameters {a,b,c}are calibrated (called “deterministic calibration”
in VIDENTE). This achieved by fixing the parameter o = Oduring the
calibration (in case of KALTFN fix ¢ = 0.95) and setting the observation error
variance o', =1 for all time steps;

2. in the second step, called the “stochastic calibration™ the parameters
{a,b,c}are fixed at the values obtained in step 1 and the parameters
o2 (KALMAX) or {¢,0;} (KALTFN) are calibrated while setting ¢ = 0for
all time steps;

3. finally, using the parameter values found in steps 1 and 2 as initial estimates,
all parameters {a,b,c,0;}(KALMAX) or {a.b,c,$,02}(KALTFN) are
calibrated in the last step, thus making sure that unbiased estimates of these
parameters are found (0'2 set at correct value). If the adjustment in step 3 is

large, i.e. if very different values of the parameters are found, we must be
suspicious and perhaps decide to use the parameters found in steps 1 and 2 and
forget step 3.
The result of the calibration with KALMAX/KALTEFN is a file with calibrated
parameters and the mean error (ME), root mean squared error (RMSE) and mean
absolute error (MAE) of Kalman filter time updates:

ME =3 (i = 3.)
—'ﬁh ae—1 — Vi ' (28)
M G
RMSE = ';72( k-1 — )- 4 (29)
k=l -
MAE = —l—ipi ~ 3] (30)
M= =1 — Y

Furthermore, the file with Kalman filter predictions is given, which contains the
Kalman filter time updates, measurement updates, their variances, observations,
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innovations (see 2.3) and the innovations 95% prediction interval. Figure 7 shows
an example of the output from a calibration run,

0.4

0.2 4

0.0 +

0.2 -
[em——lime update

-0.4 ® cbsevdion
'E A inrovdion
E 0.6 e G5% praetion irtarvel
]
® o8 L], .

-1.0

-1.2

-1.4

) A
-1.6 r . y T T T T
0 500 1000 1500 2000 2500 3000 3500 4000

time step (days)

Figure 7 Example output from calibrating KALMAX or KALTFN

2.4.2  Verification: prediction without Kalman filter

After calibration, it is ‘wise to check whether the deterministic part of the model is
able to describe the dynamics of the water table depth sufficiently well. An
indication that a deterministic fit is problematic would have been a strong
adjustment of the parameter values in step 3 of the Calibration step. Figure 7
shows the time updates from the Kalman filter. A problem with using the Kalman
filter could occur if the number of observations is large. In that case, the resulting
time updates could be insensitive to the model dynamics, because updating is
performed too Frequently. In that case a small value of criterion (27) could stilf
result in poor estimates of the dynamic parameters a and b. Therefore, a
prediction with the deterministic part of the model should be made, without the
updating. This can be achieved by running KALMAX/KALTFN for the

calibration period as a means of verification by setting ¢ =0 and the
observation error variance O'i =1, and fixing the values of ¥, & and g, at their

calibrated values (in VIDENTE this is an option in the prediction menu). The
result of the verification with KALMAX/KALTEN is a file with parameters used
and the following verification statistics:

=%i(h —ya) 31)
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) 1 &,/ 3
RMSE = JEZ(hk —y,) (32)
k=l

LA
MAE—HZI‘ he =] (33)

which are usually larger than the statistics from the Calibration run, because no
updating is used. KALMAX/KALTFN also give the file with predictions, the

observations and the residuals A, —y,. Figure 8 shows and example of the

output from a verification run, where in this case observations are present almost
every day.

0.4

o predicti
o2 & obsarvation a
A residual

0.0

-0.2

val 04 »

(M _s

-0.8

-1.0 1

-1.2 4

-1.4 -

-1.8 T 1 T T T T T Y T T
[+ 200 400 800 300 1000 1200 1400 1600 1800 2000 2200
time step {days)

Figure 8 Example of verification of the deterministic part of the ARX or TFN model

2.4.3 Simulation

Using the calibrated parameters from the calibration step the programs
KALMAX/KALTEN can be used to simulate realisations of h; (I the local
drainage level is known, these time series can be converted to simulated
realisations of drainage discharge, using Equations 5 and 7). In case fluctuation
quantities have to be estimated multiple realisations must be simulated. The
output consists of a file containing the realisations of A. This file can be used as
input for the program STATSIM in order to calculate the fluctuation propetties. In
our example we would typically simulate realisations of 30 years long, i.e. using
precipitation and potential evapo-transpiration from 1970-1999, in order to obtain
fluctuation quantities that are representative for the current climate, and not only
for the weather conditions for the observation period 1995-1999 (see Knotters and
Van Walsum, 1997).
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2.44 Estimating fluctuation quantities

Using the program STATSIM fluctuation quantities can be calculated from the
simulated realisations. The output consists of the following:

A file with statistics

An example of this output is shown hereafter in Figure 9. The mean highest water
table, the mean lowest water table and the mean spring water table are given
(expected values, median values and 5 and 95 percentiles). Here quantities are
calculated per realisation. So, the uncertainty here reflects only model uncertainty.
The univariate statistics are statistics over all simulated water table depths, which
means that they reflect both the within year variation and the year to year
variation of the weather as well as the model uncertainty (variation between
realisations).

mean -166.425813
variance 360.064484
stdev. 18.975365
3rd moment -539.638771
POLl -148.944107

PO5S -138.432455

P10 -132.007401

P25 -119.7185%79

P50 -105.809341

P75 -92.923340

P30 -82.159462

P95 -75.837044

P39 -65.247566

mean 5% 50% 95% std
GLG (L) -135.358978 -138.189285 -135.264694 -132. 976781 1.565006
GHG (t) -78.744606 -81.293327 ~-78.789520 -76.163002 1.535088
GLG (z) -135.088350 -138.185%285 -134.869598 -132.487913¢ 1.60B089
GHG (w) -79.471909 -82.413284 -79.414589 -76.819151 1.6039190
GvGie) ~99 525368 -203.282478 -99.257187 -96.835274 2.082639

Figure 9 File with fluctuation statistics as output of STATSIM; GHG: mean highest water
table; GLG: mean lowest water table; GVG: mean spring water table; between brackets:
denoting whether the statistic is determined for the whole year (1), the summer period (s) or
the winter period (w).

A file with the frequency of exceeding graph (FOE-graph)

The FOE-graph gives for every level the number of days that the water table depth
on any future day of any future year (at the same climate and hydrological regime
as in the calibration period) exceeds that level. It is in fact the cumulative
frequency distribution, reflecting both the within year variation and the year to
year variation of the weather as well as the model uncertainty. Figure 10 shows an
FOE-graph.
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Figure 10 Frequency of exceeding graph

A file with the regime graph

The regime graph gives for every day number in a future year the expected water
table depth, the median and the 5 and 95-percentiles. The variation per day
number therefore reflects both year to year variation (i.e. our uncertainty about the
future weather) as well as model uncertainty. Figure 11 gives an example of a

regime graph.

-20

8

-

3]

=]
1

-140

water table depth (cm surface)
3
(=)

-160

-180 . r - ' - — -
0 50 100 150 200 250 300 350

day number ’
Figure 11 Regime graph; black solid line: mean; black dashed lines: 5- and 95-percentiles;
grey solid line: median.

A file with the histogram
Like the FOE-graph, the histogram reflects both the within year variation and the

year to year variation of the weather as well as the model uncertainty. From the
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histogram we can read the expected number of days that the water table depth will
be within certain boundaries. Figure 12 gives an example histogram.

0.10

0.08

rel. freq.

0.08 +

0.04 1

0.02

0.00
200 -180 -160 -140 -120 -100 -BO 60 -40 20 0

water table depth (em surface)

Figure 12 Example histogram

A file with the correlation function .

The correlation function gives the correlation coefficient between day & and day k
+1 (= lag 1), day k and day k+ 2 (lag 2), day k and day k + 3 etc. The correlation
function reflects both the response time of the groundwater system, as well as the
periodicity of the rainfall surplus. The longer it takes for the correlation function
to cross the x-axis, the slower the response time of the groundwater system.
However, because the periodicity of the rainfall surplus is also included, we
cannot read the characteristic response time from the correlation function, The
correlation function is the average of the correlation functions that are estimated
for the realisations. An example correlation function is given below (Figure 13).

]\
- \\ N\
~ 7 ¥
o4 N4

-0.6

correlation

0 50 100 150 200 250 300 350 400 450 500
lag (days)

Figure 13 Example correlation function
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The characteristic response time (in days) for the ARX model and the
deterministic part of the TFN model is given by (Bierkens et al., 1999):

_= 3Ar
In(a)

(34)

€

The effective correlation length (time span over which ny is correlated in days) of
the noise process (3) is given by (Bierkens et al., 1999):

6 =3
In(¢)

(35)

Of course many more fluctuation quartities could be estimated from the simulated
realisations; see for instance Bierkens (1998) and Knotters et al. (2000).

2.4.5 On line prediction and monitoring

Finally, using the calibrated model, the program SSDKOPT can be used for on
line prediction, where in between dates that observations of water table depth are
taken, optimal predictions of water table depth are obtained using the Kalman
filter. The Kalman filter can also be used as a monitoring instrument by running it
on line and checking whether not much more than 5% of the innovations fall
outside the 95% error bounds (see Figure 7). If 5% falls outside, a change in the
hydrological system may have occurred. An alternative way of monitoring such a
change is running the deterministic predictions on line and plot the observations

together with the prediction interval ﬁk +1.960, (with o, calculated with

Equations (17 or 18)). If the observations start to plot outside this interval, a
significant change in the hydrological system may have occurred.
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Annex: Input instructions for KALMAX and KALTFN

Header of the program KALMAX with input instructions

C%3 3R b s s st bt b e e r r e e TR TR AR TLI RS TN R LIEIHRRSIHLNS
Copyright (C} 2000, Alterra, Green World Research

This program is distributed in the hope that it will be useful,

but WITHOUT ANY WARRANTY. No author or distributor accepts
responsibility to anyone for the consequences of using it or for
whether it serves any particular purpose or work at all, unless he

C says so in writing. Altering or redistribution of the scftware should be done
while giving proper reference and in accordance with the terms and
conditions mentioned in the GENERAL TERMS AND CONDITIONS AS TO THE
MAKING AVAILABLE OF COMPUTER SOFTWARE issued by Alterra (see Word
document on the CD}.

aQoaaanNnna

C

DT e T oyl e el eu alelotoloTslslalololelolelalelalslulalelelelalel lolal ol Ll Tl o L T LT T Tt oo e ot Te T a T uT ol alatel e e el
¢ Program: KALMAX - Kalman filtering of a simple arMAX model

o]

c Goal: Calibration of a simple ARMAX model of daily time steps

c on measurements of water table depths taken at irregular intervals.
¢ The program uses the output of the Kalman filter in Schweppe's

c maximum likelihood criterium to obtain estimates of the parameters
c of the ARMAX-model. The program can alsc be used as stand alone

c Kalman filter (no optimization}.

c

c Version: 1.0 {October 14th 1997)

c

¢ Order of ARMAX: n=1, r=1, s=0

c

¢ Author: Marc F.P. Bierkens

c Reference: Bierkens, M.F.P., M. Knotters and F.C. Van Geer, 1999.

c calibration of a transfer-function noise models to sparsely

c or irregularly observed time series.

< water Resources Research 35(6)}, 1741-1750.
c*******i-***********i****************t*********************i******************
c Input:

¢ interactive: . .

c parfile - name of parameter file {input variables)

c

c********************w***w********ﬁ***i*******************t************tt*****

c PARFILE

C****************************ti*************************************i*i*******

record 1: measfile - name of file with measurements of water table

record 2: metfile - name of file with precipitation and
reference evapotranspiration
record 3: kalfile - name of file with Kalman filter results
record 4: optfile - name of file with results of optimization
record 5: 1iflag - 0: calibration mode
1: - Kalman filter mode (no calibration)

- Prediction mede: set iflag to "1" and
set varw = 0 and smeas = 1
2: Simulation mode
{(the following inputs are only used for simulation but
valueg must be supplied even for modes 0 and 1)

oo oQ0o0aaagnan
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iseed - random seed, only used in simulation mode

nsim - number of realizations required
nyears - number of years per simulated realization
yearl - firat year of the simulated realizations

record 6: initial values of parameters to be calibrated: if a
parameter is actually calibrated it should be given
a non-zero initial value!
par®{(l) - deltal (-)
par0{2) - omegad (days)
paro {3} - cpar (cm)
par0 (4} - varw (cm2)
record 7: Indicators that are "1" if parameters are to be
calibrated and "o0" if they are not.
doi= 1,4 {
icalcode (i)

if all codes are zero, the Kalman filter is only run
once with the parameters given in record 4.

record 8: gwlev0 - initial walue of groundwater level
record 9:

smeas - wvariance of measurement errcr (cm2)
record 10:

dstep -~ time step {(days)

simtim - total simulation time (days)

(in simulation mode: simtim also includes
the startup time)
ftol - c¢losure criteriocn used in calibration mode
ftol typically has a value between ¢.000001
and 0.01. If the number of iterations exceeds
100 ftol should be increased.
raecord 12:
startim - startup time (days)
(only relevant in szimulation mode; the time
in days used for warming up the simulation
ndays recorded in output = simtim-startim
and should total the nyears per realization)

npooanNnonanaooaoanNnNnaoaNnttcaodOoOONONoROOOONNNDOQOO0000

Ehwkhkkhhhhkkdhkhkrdkhkkk end parameter file EREE R E R R R AT REE R LR R T TR TR BRI gy

=
c*********************************i*******************************************

e MEASFILE - file with measurements of heads
c*****************************************************t****W******************
[od recerd 1: nmeas - number of measurements

c do i = 1,nmeas {

c record(i+i): xmtime(i) - measurement time-step (days)

c xmeas (i) - measurement (m)

c

orkrkkkrkxrxrrhkrkxkhnr ond file with measurements ***xrkewdktrdahrtrrrhhrtwrrn

c
e e T eI

¢ METEQFILE - file with metec data
c***************t****************************w********ttw*********************
record 1: ndays - number days to read
ncole - number of columns present
cfac - multiplication factor (for unit conversion)
if right unit: ecfac =1
icolp - column number precipiation
icolep - column number pot. evapotranspiration
do i = 1,ndays {
record(i+l): xmtime{i)} - measurement time-step (days)
ncols columns

Lo TS I v o T o 0 v I 0 T 0 I & I ]

CRRAR IR A I AR hakkkr kA h*% ond Meteofile *wkkkkdd ki kdh ko hd kAR Ak ki hk ke kb A Ak kA khw



c
¢ Qutput:
c*******************************************************************i********
1) kalfile
a) in kalman filter or calibration mode:
time - time (days)
gw0 - time update {m below surface)
gwl - measurement update (m below surface)
sgwd - error variance time update (m2/day2}
sgwl - error variance measurement update (m2/day2)
when measurements are available:
xmeas - measured value {(m below surface)
(xmeas - gwld} - innovation (m below surface)
b) in gimulation mode:
unformatted file {can be used as input for STATSIM)
record 1l: yearl - first year of simulated realisation
naim - number of simulated realisgations
nyears - number of years per realisation
do k = 1,ns8im
do 1 = 1,nsteps
record 1 + (k-1)*nsim + i: gwl ~ simulated water table
depth
enddo
c enddo
¢ note: nsteps = int{(simtim/dstep)
C****************************************************************************

L S T T T T T T T T o D o T o T o O 0 O o 0 0 S BN S

c 2) optfile:

c iter - iteration number
c do i = 1,nwc+4a {

c par (i) - parameters

el

c funk (par) - value of criterium

felelalnlalalnlelnlelolnislalalelslalelninisialsl elofelsfalalaioinlel slolaiwial eivlolulalolalelal ol olofalulololol ol elolulnl ol slalelalalal s lod sl ol ol el o] sl nl o]

The following is an example parameter file for KALMAX

32c13415.10

debilti cal -

armaxcl5.ki10

armaxcls.olo

0 -79359 1 5 1992
.954939 0.442178 -129. 935593 2. 0

111 1

-120

0. : L

1. 4017 o 900&1

365
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Header of the program KALTFN with input instructions

b e T NN r T T L T T T R T Ty LTS P L3R V2 E53%% %%
[

C Copyright (C) 2000, Alterra, Green World Research

c

C This program is distributed in the hope that it will be useful,

€ but WITHOUT ANY WARRANTY. No author or distributor accepts

C responsibility to anyvone for the consequences of using it or for

C whether it serves any particular purpose or work at all, unless he
C says so in writing. Altering or redistribution of the software should be
done while giving proper reference and in accordance with the

terms and conditions mentioned in the GENERAL TERMS AND CONDITIONS
AS TO THE MAKING AVAILABLE OF COMPUTER SQOFTWARE issued by Alterra

(see Word document on the CD).

C

[oZolalalalolololololalolsleTels ol slalelslo]alnlalel slalslalalalntslutnl sl slel el olal sl sle]alefselel ol uelelal sl el el ol ol ol sl a o) o wl wlel el s ol e n s n e o]
¢ Program: KALTFN - KAlman filtering of Transfer Function Noise models

c

c Goal: Calibration of a transfer function noise model of daily time steps
¢ on measurements of water table depths taken at irregular intervals.
c The program uses the output of the Kalman filter in Schweppe’s

c maximum likelihood criterium to obtain estimates of the parameters
c of the TFN-model. The program can also be used as stand alone

c Kalman filter (no optimization).

c

c Version: 0.0 {cctober 13th 1897)

¢

¢ Order of TFN: n=1, r=1, s=1, p=1, g=0, b=0

c .

¢ Author: Mare F,.P, Bierkens

¢ Reference: Bierkens, M.F.P., M. Knotters and F.C. Van Geer, 1999.

c Calibration of a transfer-function noise models to sparsely

c or irregularly observed time series.

c Water Resources Research 35(6), 1741-1750.
C*****************************************************************************
¢ Input:

¢ interactive:

c parfile - name of parameter file (input variables)

¢

c***************************************t*********************************t***

c PARFILE

c***************************************************************i****t********

c record 1: measfile - name of file with measurements of water table
c record 2: metfile - name of file with precipitation ang

c reference evapotranspiration

c record 3: kalfile - name of file with Kalman filter results

c record 4: optfile - name of file with results of optimization

c record 5: iflag - 0: calibration mede

c 1: - Kalman filter mode (no calibration)

c - Prediction mode: set iflag to "1" and
c set varw = 0 and smeas = 1

e 2: Simulation mode

c {(the following inputs are only used for simulation but
c values must be supplied even for modes 0 and 1)

c igzeed - random seed, only used in zimulation mode

c nsim - number of realizations required

c nyears - number of years per simulated realization

c

yearl - first year of the simulated realizations



record 6: initial values of parameters to be calibrated: if a
parameter ig actually calibrated it should be given
a non-zero initial value!

par0(l) - deltal

pard(2) - omegald

pard(3) - omegal (set to zero at all times)
par0{4} - phil

par0{&) - cpar

par0{6) - varw

record 7: Indicators that are "1" if parameters are to be
calibrated and "0" if they are not (icalcode(3)=0 at
all times),
do i = 1,6 {
icalecode (i)

if all codes are zero, the Kalman filter is only run
once with the parameters given in record 4.

recoxrd 8: gwlev0 - initial value of groundwater level
record 9:

smeas - variance of measurement error (m2)
record 10:

dstep - time step (days)

simtim - total simulation time {days)

(in simulation mode: simtim also includes
the startup time)

ftol - closure criterion used in calibration mode
ftol typically has a value between ©.000001
and 0.01. If the number of iterations exceeds
100 fiol should be increased.

record 11:

gtartim - startup time (days)
{only relevant in simulation mode; the time
in days used for warming up the simulation
ndays recorded in ocutput = simtim-startim
and should total the nyears per realization)

PO OO NOaOHONRANONO000000REAN000A0R00000A0Tn0O0

PO SR I IR TR e e end parameter file *********************************ﬁ*

c
2 22 PR TR AL A RS L A A A AL A LA A A AL LA RS AR RS S Ll T L L L T P
c MEASFILE - file with measurements of heads

c***********************************************************i*****************

c record 1: nmeas - number of measurements

c cfac - conversion factor

c do i = 1,nmeas {

c record(i+l): xmtime (i} - measurement time-step (days)
c xmeas (i) - measurement (m)

¢

Chhkkkkkwkwxnkrwwrwxsdt and file with measurements *dddrdwdrddkrrrhkh ek hdhkhthndk

[o]
Ok khkhkhkdhhkhhrkhh b bk b hhhr bbbt bbbkt h okt kbt kA Ak Ak khkkhh ke ok ke kA kK

c METECFILE - file with metec data

c*****************************************t***********i***********************
P

c record 1: ndays - number dayg to read

c ncols - number of columns present

c cfac - multiplication factor (for unit conversion)
¢ if right unit: c¢fac =1

c icolp - column number precipiation

c icolep - column number pot. evapotrangpiration

c do i = 1,ndays { ‘

c record (i+l): xmtime(i} - measurement time-step (days)

c ncols columns

c

Chhdkdhkhhhkhkthhdhhhrd end meteofile *krkdkdkhhkhhhkhkdkhhkhkrhhhkhhdhhhhrh ok hhdr
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¢ Output:
c****i*******************************************i*iit***i*******************

1) kalfile
a) in kalman filter or calibration mode:
time . - time (days)
qwi - time update {(m below surface)
gwl - measurement update (m beliow surface)
sgw0 - error variance time update (m2/day2)
sgwl - error variance measurement update {m2/day2)
when measurements are available:
xmeas - measured value (m below surface)
(xmeas - gw0) - innovation (m below surface)

b) in zimulation mode:
unformatted file (can be used as input for STATSIM)
record 1: yearl - first year of simulated realisation
nsim -~ number of simulated realisaticns
nyears - number of years per realisation
do k = 1,nsim
do i = 1,nsteps
record 1 + {(k-1)*nsim + i: gwl - simulated water table
depth
enddo
enddo

¢ note: nsteps =int (simtim/dstep)
c******t**************t*******************i**********************************

anonocaoaooooaoonooo0aonoaan

c 2) optfile:

< iter - iteration number
€ do i = 1,nwc+d |

M par{1) - parameters

c

¢ funk (par) - value of criterium

(ofelelJelelelelelololol wlatalalalolol ololntolololole ol alol olol el alalal sl elatal alol el o elelatel elolole]olalolnlalolel el olul el ulefalo s Julula ol s ulolal o :

The following is an example parameter file for KALTFN

32¢l134ra,10.

debilt.cal:

tfncl5.k10

tfncls.olo: R

0 -79359 1 5 1992

0.954996 0.44010 0. 0.%08164 -129.535883 15,492792
110113 v _
_120 : PR

0. .

1. 4017 0.00001

165 - ’ . . .
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Part3: Documentation SSD

A program for modelling the water table depth using a stochastic
differential equation of the soil water balance
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1. Model, input variables and parameters

1.1  Model description

An extensive description of the model, its derivation and use can be found in:
English

Bierkens, M.F.P., 1998. Modeling water table fluctuations by means of a
stochastic differential equation. Water Resources Research 34(11), 2485-2499,
Dutch

Bierkens, M.F.P., 1988. Eenvoudige stochastische modellen voor
grondwaterstands-fluctuaties. Deel 1: Een stochastische differentiaalvergelijking.
Stromingen 4(2), 5-26.

Here follows a brief description of the model and its parameters.
The water table depth is described with the following stochastic differential
equation (SDE):

h
GO = P() = EL(SU.0+ 4,0 =g, (ht) + £ M

The SDE is derived by setting up the water balance for a soil column (Figure 1),
where it is assumed that the soil moisture is at equilibrium at all times. The
following variables and parameters are distinguished:

h(t)  water table height with respect to some reference level [L] representing the
water storage in the groundwater zone;

S(hy average soil saturation [-], which is zero if the soil is completely dry (all
pores are filled with air) and 1 if the soil is saturated (all pores are filled
with water). The average soil saturation represents water storage in the

vadose zong;

Tt is assumed that the soil moisture profile is at equilibrium at all times. The
equilibrium profile is modelled with the following Van Geriuchten-type of
relationship (Troch et al., 1993) (y is suction head [L]):

n+l

1 e
= =8 +(©. -6 )——0r
0(z.)=6,(w)=86,+ (6, r)l:l_’_(aw)n] (2)

where @ [L*] and n [-] are Van Genuchten-type parameters, & [-] is the saturated
moisture content and & [-] the residual moisture content of the soil. Note that
instead of the exponent n/(n-1) that normally appears in the Van Genuchten’s
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relationship (Van Genuchten, 1980) the exponent n/(n+1) is used. Using (2) the
average soil saturation can be written explicitly as a function of the water table
height with respect to the surface elevation z;):

1 e |-Uin
e _h
S(h) (z‘—h){H[a(zS 1} 3)

The assumption of an equilibrium soil moisture profile entails that the model is
only suitable for shallow water table depths. In this case the redistribution of soil
moisture as a result of precipitation or changing water table depth occurs rapidly,
so that an equilibrium soil moisture profile can be expected to occur almost
instantaneously. Moreover, the equivalent soil moisture profile, i.e. the soil
moisture profile that will allow the time-averaged vertical flux to pass through the
soil column, is approximately equal to the equilibrium profile for shallow water
tables (Salvucci and Entekhabi, 1994).

G(h): dynamic storage coefficient [-] given by:
__-l
GUﬂ=£o+@p-Q)P-h+kﬂa-Wﬂ”]"] @)

The dynamic storage' coefficient can be derived from (2) (Bierkens, 1998). The
parameter & the residual groundwater storage (due to air bubbles and surface
depressions) that remains when the water table is close to the surface: h(t) — z,.
From (4) it can be seen that the storage coefficient decreases when the water table
is closer to the surface. This can be expected because a shallower water table has
the effect that more soil pores are filled with water.

P(s)  net precipitation [LT']: precipitation minus interception by foliage;
E.(S.r) actual evapo-transpiration [LT'I], which depends on the so called Makkink
reference crop evapo-transpiration E(f) [LTI] (Winter et al., 1995), a crop

factor F (1.0 for standard grassland (Feddes, 1987) and the soil saturation
as:

E, (S,)=F.E (0[s®]° (5)
where ¢ is a constant (=0.5 for fully vegetated soils (Lowry, 1959));

g(t)  flux from/to the deeper groundwater [LT™'];

ga(h,t) drainage to/from the surface waters [LT'].
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Usually several types of surface water systems (including trenches and drains) are
present. The total flux ga(h,t) is thought of as the sum of separate fluxes gq,(f1,1) to
the my surface water systems present:

7.ty =Y gu (1) ©)

i=l

Each of these fluxes depends on the water table height A(7) relative to the surface
waterlevel H; (¢) [L] and a drainage resistance %[T] as:

h(it)—H_.
Qd..'(h-t)="“(r_)";L(t“)' N

Tf level Hy A1) < h(t) the surface water drains the groundwater, if H,(f) > h(f) it
supplements the groundwater. It is also possible that a trench or a drain is present,
in which case H,(¢) represents the trench bottom or drain elevation. Drains or
trenches drain if H, (1) < h(f) and are inactive if H () > h(¢).

&(t)  system noise: a white noise process, which models all variations in h(f)

that cannot be explained by the model (including both the model error and
the errors due to uncertainty about parameters and input variables).

The problem with a continuous white noise process is that it has infinite variance.
This means that no real solution to (1) would be possible. To overcome this
problem, not the white noise itself is modelled but the white noise process
multiplied by a small time step dr, which is the same as an independent the
increment of the Wiener-Levy process B(r) (Brownian motion) over the interval

dr.

E(dt = B+ dny - () =dp, (8)

The symbol df,is used to denote this increment, which has the following
statistical properties (E[] means expected value):

E[dB,]=0 V1 ‘
E[dB’]1=0"d! )
E[B(t+d)B()]=0 Vdt=0

From the last property it can be concluded that two incerements of any two non-
overlapping time periods df and dt, are independent, no matter how small dr.
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Figure 1. Schematic representation of the stochastic model for the soil water balance of a soil
column

1.2 Input variables and parameters / invoervariabelen en
parameters

Next follows the list of input variables and parameters used in the program SSD
(units between square brackets), first in English, then in Dutch:

English:

input variables

P(r)  precipitation minus interception losses (mm/d). P(r) can be calculated from
the measured precipitation R(f) (mm/d) using the interception fraction Fi:

P(t)=(1-F)R() (10)

Table 1 gives values of Fj for a number of different land use classes. Note
that SSD does not take care of Equation (10), so that in the input file P(t)
and not R(¢) must be given;

E(r) Makkink reference crop evapo-transpiration (mm/d);

surface parameter and initial conditions

Zs surface level (=reference level: usually set to 0) (cm). We advise to use the
average water table depth, as is z; is also used to give on the screen an
indication of the characteristic response time and the prediction variance.

ho initial value water table depth (cm reference surface level e.g. -130):;

crop/land use parameter _

F. crop factor [-] (see Equation 5). Tabie 1 gives the crop factor F. for a
number of different land use classes;

soil parameters

(23 saturated volumetric water content (-) (see Equation 2);
G residual volumetric water content (-) (see Equation 2);
a Van Genuchten-type parameter (cm™') (see Equation 2);
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n Van Genuchten-type parameter (-) (see Equation 2).

Values of 6.,8,, «and n for representative soils can be obtained from Table 2;

& residual groundwater storage (-) (see Equation 3). Typical values range
between 0.001 and 0.1;

hvdrological parameters

gy bottom flux: flux from/to deeper groundwater (mm/d) (see Equation 1).
Typical values range between —1.0 and 3.0 mm/d;

mg number of surface water systems (see Equation 6). These include also
trenches and drains;

for each surface water level the following parameters i = 1,2,..:

H,; drainage level {(cm) with respect to surface level (e.g. —150). This can
either be a surface water level or trench bottom or drainage depth. It is also
possible that the drainage levels depend on time, i.e. H,;(?), in which case
they are input variables are read from a file (see Equation 7);

dflagi A flag which is “0” if system / is only draining (trenches and drains) and
“1” if system i is both draining and infiltrating. The case that the surface
water level depends on outflow from the water course and the inflow from
the groundwater (as in a natural stream) is not modelled here;

% drainage resistance (days) of surface water system i (see Equation 7).
Values may range between 5 and 500 days;

noise parameters
o2 variance of the system noise process dff, (see Equations 8 and 9)

(mm?/d?). Typical values range between 10 and 50 mm?/d?;
variance of measurement error (em’/d?); only used in case the Kalman
filter is used (see chapter 2). In most time series analysis set to zero.

o

AT

In Table 2 the parameters for relationship (3) are given for the soils of the Staring
Series (Wosten et al., 1994). Remember that relationship (3) is different from the
original Staring Series so the parameters are also different. If the Staring Series is
to be used together with SSD the correct parameters should be read from Table 2.
The SDE has been derived for homogeneous soil profiles only. However, we
added a number of additional codes for layered profiles. Table 3 lists the
combination layers analysed and the Staring Series codes used for each of the
layers. The effective parameters were obtained as follows. Suppose we have
profile with 25 cm sand on 75 cm clay. First, for a large number of suction heads
the soil moisture content is calculated for both sand and clay, using Equation (2).
Next the total soil moisture content for each suction head is calculated by taking a
weighted average of the soil moisture contents of sand (weight 0.25) and clay
(weight 0.75). The result is an effective soil moisture equilibrium function for a
soil of 25 cm sand on 75 c¢m clay or 75 cm clay on 25 cm sand. Finally the
associated soil physical parameters can be found by fitting Equation (2) to the
effective soil moisture equilibrium function.
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Nederlands:

invoervariabelen

P(t) Neerslag min interceptie (mm/d). P(t) kan berekend worden uit de
gemeten neerslag R(r) (mm/d) via een interceptiefactor Fi:

Pty = (1-F)R(1) (10

Tabel 1 geeft waarden van F; voor verschillende landgebruiksklassen. SSD
zelf past formule (10) niet toe. De gebruiker moet P(f) dus buiten SSD
berekenen en in de invoerfile meegeven en niet R(1);

E{(t) Makkink referentieverdamping (mm/d);

referentie en beginvoorwaarde

Zs referentichoogte (meestal het maaiveld, gelijk gezet aan Q) (cm),

ho beginwaarde grondwaterstand (cm referentie, bijv. -130). Neem hiervoor
bij voorkeur de gemiddelde grondwaterstand, omdat deze parameter ook
wordt gebruikt om op het scherm een indicatie te geven van de
karakteristieke responstijd en de predictievariantie.

parameter landgebruik

F. gewasfactor (-) (Vergelijking 5). Tabel 1 geeft gewasfactoren voor
verschillende landgebruiksklassen;

bodemparameters

o verzadigd watergehalte (-) (zie Vergelijking 2);

6 residueel watergehalte (-) (zie Vergelijking 2);

o Van Genuchten parameter (cm™") (zie Vergelijking 2);

n Van Genuchten parameter (-) (zie Vergelijking 2).

Tabel 2 geeft waarden van 6 ,6, , & and n voor een aantal representatieve

textuurklassen;

& residuele grondwaterberging (-) (zie Vergelijking 2). Waarden van deze
parameter variéren meestal tussen 0.001 and 0.1;

hydrological parameters

Qv kwel/infiltratie: flux van/naar dieper grondwater (mm/d) (zie Vergelijking
1). Waarden van deze parameter vari€ren meestal tussen —1.0 (infiltratie)
en 3.0 (kwel) mm/d;

mg aantal gemodelleerde oppervlaktewatersystemen (zie Vergelijking 6).
Hieronder vallen ook drains en greppels;

Voor elk oppervlaktewatersysteem i = 1,2,..:

H;;  drainageniveau (cm maaiveld) (bijv. -150). Dit kan ofwel een
oppervlakte-waterniveau zijn ofwel een draindiepte of greppeldiepte. Het
is ook mogelijke dat de drainageniveaus afhangen van de tijd i.c. H (). In
dat geval moeten ze van een file worden ingelezen (zie Vergelijking 7);

dflag; Als deze vlag op "0” staat geeft deze aan dat het opperviaktewatersysteem
i alleen draineert en dus kan droogvallen (greppels en drains) and als deze
op “1” staat dat systeem i is zowel kan draineren als kan. Bedenk dat
alleen opgegeven peilen worden gemodelleerd. Natuurlijke opperviakte-
wateren waarbij het peil afhangt van het instromend grondwater en het
uitstromend oppervlaktewater worden hier niet gemodelleerd;
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¥ drainageweerstand (dagen) van opperviaktewatersysteem i (zie
Vergelijking 7). Waarden van deze parameter variéren meestal tussen 5 en
500 dagen;

Ruiscomponenten

o’  variantie van de systeemruisdf, (zie Vergelijkingen 8 and 9) (mm?*/d%).
Waarden van deze parameter variéren meestal tussen 10 and 50 mmzldz;

o-; variantie van de meetfout (cm*/d?). Deze is alleen relevant als het Kalman

filter wordt gebruikt (hoofdstuk 2). Bij tijdreeksanalyse wordt deze
parameter meestal gelijk verondersteld aan 0.

Tabel 2 geeft de parameters voor Vergelijking (3) (de pf-curve) voor standaard
textuurklassen van de Staring Reeks (Wosten et al., 1994). We herhalen hier
nogmaals dat Vergelijking (3) afwijkt van de normale formulering van de Van
Genuchten pf-curve, zodat de parameterwaarden ook afwijken van de waarden die
vermeld staan in Wosten et al. (1994). Dus als SSD gebruikt wordt dan moeten de
Van Genuchten parameters van de Staringreeks worden gelezen uit Tabel 2. Tabel
2 geeft ook effectieve Van Genuchten parameters voor bodems die uit
verschillende verhoudingen van zand/klei, zand/veen en veen/klei bestaan. De
verhoudingen van deze texturen per code staan in Tabel 3.
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Table 1. Crop factors and interception fractions for various crops and land use (sources in

Joomores)

Crop/landuse Fe F
Grassland 0.96' 0.00
Potatoes 1.03' 0.00
Beets 0.98! 0.00
Grain 0.95' 0.00
Maize 0.92! 0.00
Other crops 0.88' 0.00
Fallow 0.70° 0.00
Deciduous wood 1.00° 0.20°
Coniferous wood 0.80° 0.40°
Tree nurseries 1.00° 0.20°
Other trees 0.90° 0.30°
Heath 0.70° 0.00
Wetland vegetation 1-04': 0.00
Dryland vegetation .70 0.00
Other vegetation 0.87° 0.00
Orchard (soil not covered) 0.91° 0.06’
Orchard (grass strips) 0.97° 0.06’
Sports field 0.96° 0.00
Public garden 0.97° 0.06°
Horticulture under glass 1.30%° 1.00
Horticulture not under glass 0.88" 0.00

3

Crop factor of average growing season according to Feddes, R.A., 1997. Crop factors in relation to
Makkink reference-crop evapo-transpiration. In: Verslagen en Mededelingen 39, pp. 3345, CHO-TNO,
The Hague.
Jansen, P.C., 1986. De potentidle verdamping van (half-)natuurlijke vegetaties. ICW nota 1703,
Wageningen (in Dutch).
Moors, EJ., AJ. Dolman, W. Bouten en A.W.L. Veen, 1996. De verdamping van bossen H,0 19(16),
462-466 (in Duich). Furthermore, the parameters for “tree nurseries” have been taken the same as for
deciduous wood, and those for “other wood™ as the average of deciduous and coniferous wood,
Seasonal average of Molinia from Moors, E.J., J.N.M. Swicker and G.D. van den Abeele, 1998, Evapo-
transpiration of cut over bog covered by Molinea Caerulea. Agricultural University, Department of
Environmental Sciences, report 73, Wageningen.
Average of wetland and dryland vegeration.
Assuming a tree coverage of 30% we calculate:

Orchard (soil not covered): F. = (.7x0.88 (other crops) + 0.3x1.0(deciduous trees) = 0.91

Orchard (grass strips): F; = 0.7x0.96 (grassland) + 0.3x1.0(deciduous trees) = (.97
Assuming a tree coverage of 30% we also assume 30% of the interception of deciduous wood yielding an
interception factor of 0.3x0.20 = 0.06.
Taken the same as “grassland™.
Taken the same as “orchard (grass strips)”
All water is intercepted. The evapo-transpiration for horticulture under glass in the western part of the
Netherlands is about 700 mm/year, which is about 1.3 times the average reference evapo-transpiration for
that area (personal communication Philip Hamaker). The excess water needed is obtained from the
intercepted precipitation water that is collected in tanks.
Taken the same as “other crops™.
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Table 2. Building blocks (texture classes) of the Staring Series with the soil physical
parameters of Equation (2). Description of building blocks can be found in Wésten et al.
(1994),

as &‘ o N

Topsoils

Bl 0.446 0.0534 0.00203 0.803
B2 0.433 0.0611 0.00286 0.943
B3 0.465 0.0729 0.000785 0.701
B4 0.445 0.0467 0.00175 0.758
B7 0.430 0.0985 0.000359 0.540
B8 0.440 0.1330 0.000562 0.781
B9 0.437 0.1050 0.000396 0.783
B10 0.430 0.1250 0.00013 0.60%
Bll 0.626 0.2900 0.0000905 0.484
B12 0.548 0.2780 0.0000597 0.468
Bl4 0.425 0.1290 0.000345 0.773
B16 0.733 0.1210 0.000434 0.677
B17 0.749 0.3200 0.000182 0.541
BI18 0.790 0.3210 0.00025 0.580
Subsoils

01 0.365 0.0201 0.00764 1.333
02 0.383 0.0372 0.00696 1.316
03 0.354 0.0416 0.00294 0924
04 0.364 0.0292 0.00179 0.873
05 0.342 0.0125 0.0148 1.002
06 0.459 0.1320 (.0000138 0.335
08 0470 0.0967 0.000736 0.795
09 0.476 0.0892 0.000602 0.770
olo0 0.500 0.1500 0.000433 0.751
011 0.437 0.1580 0.0000857 0.464
012 0.578 0.2630 0.000189 0.627
013 0.579 (.2430 0.0000236 0.453
014 0.381 0.0449 0.00066 1.181
015 0.416 0.1280 0.000482 0.797
aleé 0.906 0.1700 0.00076 0.816
ol17 0.883 0.2230 0.000478 0.686
Two textre classes

Zvl 0.773 0.1780 0.000583 0.647
YA 0.651 0.1390 0.00105 0.688
ZV3 0.521 0.0963 0.00274 0.857
ZK1 0.542 0.2140 0.000343 0.571
ZK2 (.496 0.1660 0.00125 0.683
7ZK3 0.441 0.1090 0.00156 0.968
KV1 0.812 0.2290 0.000371 0.644
Kv2 0.734 0.2410 0.000316 0.635
KV3 0.567 0.2520 0.000253 0.625
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Table 3. Additional codes for two or more layer profiles consisting of two texture classes.
Figures in table refer to the fraction of total soil depth consisting of associated texture class.
For instance, 25% of the depth of a soil column with ZVI consists of sand (building block 02)

and 75% of the depth of peat {building block O17).

Sand (0O2) Peat (O17)
ZV1 0.25 0.75
Zv2 0.50 0.50
ZV3 0.75 0.25

Sand (02) Clay (O12)
ZK1 0.25 0.75
ZK2 0.50 0.50
ZK3 Q.75 0.25

Clay (O12) Peat (017)
KVI 0.25 0.75
KV2 0.50 0.50
KV3 0.75 0.25

106
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2.  Stochastic modelling: prediction, simulation and
calibration

There are two different ways of using the stochastic differential equation:
prediction and stochastic simulation. In the following sections these two different

ways are further explored. Also, some of the parameters, namely ¥ &, gv and o,
can usually only be obtained through calibration. The section thereafter explains
how calibration of the SDE is achieved. Finally, the last section recapitulates how
the application of the SDE to a practical problem proceeds.

2.1 Prediction

Before we start with explaining prediction, we have to explain the nature of k(f)
when it is described with a stochastic model like Equation (1). It means that we
are uncertain about the exact variation of A with time. We do know that it is likely
to be lower in the summer time and higher during the winter, but there is still a lot
of unknown variation left. This variation is due to errors in our inputs, model
parameters and the fact that our model itself is only an approximation of reality.
Therefore, we vision that A(?) is not described by a single function of time, but as
a collection of possible functions, each of which are equally probable of
describing the real but unknown variation of A. Figure 2 illustrates this concept,
showing four equally possible functions.

A
h’(t) P _/'"-\
BNV N s
i ")‘},’\,,‘.-.“\\ ’J: s—
/’,\I i \-\\/\‘_ \“:\ /r,
./', \ ‘. \“\‘\ / ‘__, ________
T \\! IS A Q/"’,f ________ -
Y a2
\:\\ A .J‘I / ”,
\, \‘\"'\_ ond e’
hY X S
‘\- h ', p"
e N
>

Figure 2 Equally probable realisations of the stochastic process h(t)

One particular function is called “a realisation” and the whole collection of
equally probable realisations, usually an infinite number of them, is called “the
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ensemble” and A(¢) is said to be “a stochastic process”. Now reality is assumed to
be on of these possible realisations, however which one exactly is unknown. We
would want our prediction to be such that the prediction error is minimal.
However, because we do not know which of the realisations is reality it is not
possible to evaluate the prediction error either. Instead, we are forced to look at
every time step at the difference between our prediction and the values of all

possible realisations. Suppose that I;(t)is the prediction and #;(r) the value of

realisation number i, then we seek a prediction for which the following properties
hold:

3. The prediction error, i.e. the difference between our prediction and the
realisations, is on average equal to zero:

3 liw-nw)=0 (1)
i=]
4. The average squared prediction error is minimal (as small as possible):

i[ﬁ(t) -k (r)]2 => minimal (12)

i=l

It turns out that we achieve this if we take as prediction at every time the average
of all realisations:

i) = Bt = 3 n o (13)
i=1

The average of all possible realisations is called “the expectation™ or “expected
value” of the stochastic process h(f) and is usually denoted with the operator £]).
If a prediction is such that it has properties (11) and (12) it is said to be
“unbiased” (Equation 11) “optimal in least squared sense” (Equation 12). If we
describe the stochastic process h(r) with a stochastic differential equation like
equation (1) the expected value is (approximately) given by the solution of only
the deterministic part of the differential equation (1):

G(BR) = = P) E, (SCEURD.0+ 4,0 4, (ETALD)

(14)

Figure 3 shows the realisations with the optimal prediction. Also shown is the
95%-prediction interval which gives for every f the boundaries that contain 95%
of the realisations. Because the noise df3 has a Gaussian (normal) distribution, the

95% prediction interval can be calculated from the standard deviation of the
prediction error gx(f) as follows:
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[E[h(1)] £1.960 ]

with

_ \/i lity-n o) (15)
i=l

As shown hereafter, the variance of the prediction error can be estimated using a
Kalman filter. As it happens, for a non-linear model like (1) the prediction error
depends on water table depth. A rough estimate of the average prediction errnr
can be obtained with the following formula (based on Bierkens et al., 1999 and
Knotters and Bierkens, 2000):

o2 = o (16)

—At i 2
1- — h)”
{GXP[G(h);Veﬁ ]] (h)

where J is some nominal value of the water table depth (usually the mean value),
G(h) the associate storage coefficient and ¥, the effective drainage resistance of

the number m, (h)of active drainage levels for the nominal water table depth h.
The effective drainage resistance is calculated as:

1 my () 1 -l
= - — 17
e {md(h) ; 7’5} 7

h(t) LTI

Figure 3 Prediction with the deterministic model (solid line) and boundaries of the 95%
prediction interval (dashed lines); grey lines are a number of realisations.
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In case we have observations of A(f) we can use these to further improve the
predictions. This is shown in Figure 4. Here we have a clue about the realisation
that stands for reality because it has been observed a number of times. If the
realisations were without error, than the best strategy would be to simply set the
predicted value equal to the observation as soon as the observation comes in
{Figure 4a) and proceed from there. At that time the prediction error would be
zero. If there is an observation error, the truth would be somewhere in between
and an improved prediction would be some weighted average of the prediction
and observation. The prediction error would than be somewhat smaller than the
observation error (Figure 4b).

- -
-
---------
-

Ohservation time Observation time

Figure 4 Correcting a prediction (solid line) with an observation without an observation
error (Figure 4a) and with an observation error (Figure 4b). The dashed lines show the 95%
prediction interval, which will be of zero width at the measurement time in case 4a and of
timited width in case 4b. '

An algorithm that performs such a correction is called the “Kalman filter”,
Although the Kalman filter can be used in continuous time, it is much easier to
use it for discrete time steps t = kAf, k = 0,1,2,... In our case, this could for
instance be time steps of one day, if the input variables such as precipitation and

evapo-transpiration have been observed daily. Suppose that ﬁ(k |k —1)is the

prediction at time step & that has been obtained using (14) and corrections for all
observations up to and including time step k-1 and at time step & an observation Yk
is available. The corrected prediction is then obtained as follows:

. ol . Vo g
e k)= 1-——22— Bk | k-p+| 22 |y, (18)
Klk~1 Vi O-lzlk—I + O-;x

where
h(k | k -1y the “time update”, which is the optimal prediction at time step k given
all observations up to including time step &-1. The time update is such

that the difference between the time update and all realisations is on
average zero and that the variance of this difference is minimal:
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3 [k 1 & =1y~ 1, kan)= 0 (19)

=l

Ol = i [ﬁ(k |k—1)—h, (km)]2 = minimal (20)

i=1

O i the variance of the error in the time update as defined in (20), which is
calculated by the Kalman filter;

h(k |k)  the “measurement update”, which is the optimal prediction at time step
k given all observations up to including time step k. The measurement
update is such that the difference between the measurement update and
all realisations is on average zero and that the variance of this
difference is minimal:

Z[E(Hk)—h,.(kAr)]:O 1)
i=l
O = E[E(k [ k), (Mt)]2 => minimal (22)
=1
Ol the variance of the error in the measurement update as defined in (22)
which is also calculated by the Kalman filter;
o, the variance of the error in the observations.

The time update is calculated by application of the deterministic model (14)

between time steps k-1 and k with measurement update h(k ~1 | k ~1)as initial
condition:

T P(T) - E (S(E[h]).7)+q,(1)—q,(E[h]),T) dr

hk |k =) =htk -1k -1)+
(kDA G(h)

(
23)

From Equation (18) the workings of the Kalman filter become clear. If the
observation error is small compared to the model prediction error (i.e. the time
update), the updating in (18) will be such that the measurement update is close to
the value of the observation. On the other hand, if the error in the time update is
small compared to the observation error, i.e. the model is very precise when
compared to the observations, the measurement update resembles very much the
time update. The weight used in the weighted average (18), i.e.
[C i /(O + 0 )] is called the “Kalman gain”.

If at time step k there are no observations available, we simply have:
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hik | k)= hk | k—=1) (24)
O':u: = O-Eik—l 25

If for a long time no observations are taken we have that o}, =0y, , = 07, ie.

the Kalman filter prediction variances become equal to the prediction variance of
the deterministic models, as given in Equation (15), and approximated with
Equation (16).

Figure 5 is similar to Figure 3, but now we have a number of observations present
and predictions are performed with the Kalman filter. For convenience, we have
shown the case with no observation errors. At a number of time steps observations
are present. Again, our unknown reality is modelled as a large number of equally
probable realisations. However, because we have observations, only those
realisations are eligible that pass through the observations (in case of a small
observation error, the realisations do not have to pass through the observations
exactly, but should pass close by). The time update is shown, as well as the 95%
prediction interval. Because the predicted water table depth is updated, the
variance of the prediction error is smaller than without updating (Figure 3); to put
it in another way: the averaged squared difference between the prediction (time
update) and the realisations is smaller than without the use of the Kalman filter.

A p(klk-1)

—
t

Figure 5 Prediction with the Kalman filter (bold solid black line) and boundaries of the 95%
prediction interval (thin solid black lines); grey lines are a number of realisations, all passing
through the observations; black dots are observations.

2.2 Stochastic simulation

Prediction of water table depth is important if we are interested in the actual, but
non-observed water table depth. However, in many applications we are not
particularly interested in the actual water table depth, but in some fluctuation
quantities. For instance, we may be interested in the probability that at any day in
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the near future the level of 30 cm is exceeded, or we want to know the mean
highest water table depth (MHW) or mean lowest water table depth (MLW) (Van
de Sluijs and De Gruijter, 1985). These fluctuation guantities cannot be estimated
from the predicted water table depth, because the predicted line typically
overestimates the low values and underestimates the high values (see Figures 3
and 5). The reason for this is that it tries to minimise the squared prediction error
(Equation 15). In this case we should do the following (See Figure 6):
1) simulate a large number (at least 100) realisations of the stochastic process
h(t). A realisation is simulated by numerical evaluation of the following
integrals (based on Equation (1) with Equation (8) for the noise component).

P(1r)-E (S(E[R]),T)+q,(T)—q,(E[h),T)
G(h)

H I} o_
ht) =h(t,) + j dr+ j Wﬂ(t) (23)

where the increments of the Gaussian process A(f) are simulated for an integration
step of size dt by drawing from a Gaussian distribution with mean zero and
variance df. The numerical evaluation of the second integral is not particularly
straightforward, because of the special properties of the process A(1). Special
Runge-Kutta integration can be used as explained by Newton (1991);

2) for each simulated realisation the appropriate fluctuation quantities are
estimated. For 100 realisations this yields also 100 values of this property, e.g.
100 MHWSs and 100 MLWs;

3) the cumulative frequency estimated from the replicas of the fluctuation
quantity (e.g. the 100 MHWS and MLWs) represents an estimate of the
probability distribution of the fluctuation quantity. This probability
distribution expresses the uncertainty about the true value of the fluctuation
quantity, uncertainty that arises from our model’s inability to predict the
unknown water table depth exactly. Usually the average of the replicas is used
as an estimate of the true but unknown fluctuation quantity, and as a measure
of uncertainty the 95% confidence interval is calculated.

h(t) -

Figure 6 Example of simulating 100 realisations of water table depth and estimating -the
probability distribution of MHW from it.
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2.3 Calibration

To apply the SDE at some location the following parameters must be given a
value: z,, 8, &, o, n, Fi, F., Hy, ¥, &, g.and o*. Elevation z, is usually known
from surveying. The parameters &, &, &, n can either be obtained from laboratory
analysis on sample cores, or they can be taken from a reference soil moisture
retention curve belonging to the texture class of the soil (e.g. Wosten and Van
Genuchten, 1988) (Table 2). The drainage water levels H, and the dominant land
use near the location are determined from field observations. From the dominant
land use follow the interception factor F; and the crop factor F. (Table 1). The
resulting parameters ¥, &, gvand o must be obtained by calibrating the SDE to
the time series of water table depth. In case of a deterministic model, calibration
only involves the minimisation of some least squares criterion between
predictions and observations. However, in this case we also have to calibrate the
noise parameter o %, For linear stochastic models this parameter could be
estimated separately from the residuals (differences between deterministic
predictions and observations). However, even for linear models, such a two step
approach generally leads to biased parameter estimates (see Te Stroet, 1995).
Also, if the time series is very irregular (not a constant frequency), estimating ¢
is quite problematic. Here, a method is used combining the Kalman filter and a
maximum likelihood criterion that, given the assumptions (model prediction
errors and measurerent errors are Gaussian distributed), provides unbiased
maximum likelihood estimates of the parameters y, &, gvand &*. The method can
be used for irregularly and sparsely observed time series and has the added
advantage that it is able to take account of measurement errors.
If we have M time steps with observations (not necessarily with regular intervals
between them), the method proceeds as follows (we assume that the input time
series, i.e. precipitation, potential evapo-transpiration and surface water levels
have been collected for the period for which we have observations):
1. choose initial values for parameters ¥, &, gvand o’
2. use these parameter values to run the Kalman filter for the period that contains
the observations. This yields for each observation occasion an “innovation”

n =y, —ﬁ(l |I-1)and the associated innovation variance (calculated by the
Kalman filter, see Bierkens, 1998) O',i = O'ﬁ,_l + O'; :

3. from the M innovations and innovation variances the following maximum
likelihood criterion is evaluated (Schweppe, 1973):

M

J =M In2m)+ f‘,ln[df, J+3
= w1 [ O,

Il.u

2
n,
¥

(26)

4. choose a new set of parameters ¥, &, gyand 0'2;
repeat steps 2 to 4 until ML-criterion (26) is minimised. The resulting
parameter set is a maximum likelihood estimate of the parameters.

9]
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Minimisation of (26), i.e. choosing the new set of parameters in step 3 such that
the value of (26) will decrease, is done with a minimisation algorithm, In SSD the
“downhill simplex method” is used (Press et al., 1986).

2.4 Systematic application of SSD: step by step

In the following example we assume that we have a location for which the values
of z;, 6, 8, a, n, I, F. have been determined. Surface water levels, precipitation
and reference evapo-transpiration are known for the years 1970-1999 and we have
observations of water table depth available with an observation frequency of two
times a month for the years 1995-1999. Application of the SSD model has two
goals. First, we want to estimate fluctuation properties (MHW, MLW etc.) at the
location. Second, we aim to monitor the water table depth on a daily basis in the
future, while maintaining an observation frequency of two times 2 month. The
following steps are taken:

1.4.1 Calibration

The parameters ¥, &, gvand o are estimated through calibrating the SDE to the
observations from 1995-1999 (section 2.3). For this purpose the program
SSDKOPT is used. Usually it is assumed that the observations are without error,
as in time series analysis. However, an observation error variance of 1-4 cm? is
appropriate for most piezometer data. Although in theory the parameters of the
deterministic model part ¥, & ¢v and the parameter of the stochastic part
o’ should be calibrated simultaneously, it is recommended to use a three-step
procedure in SSDKOPT (in VIDENTE these three modes can be chosen from in
the Calibration menu):
1. first, the parameters ¥, &, ¢v are calibrated (called “deterministic calibration”
in VIDENTE). This achieved by fixing the parameter cl=0 during the

calibration and setting the observation error variance ayzt =1for all time steps.

2. in the second step, called the “stochastic calibration” the parameters ¥, &, gv
are fixed at the values obtained in step 1 and the parameter &~ is calibrated

while setting o> =0 for all time steps.

3. finally, using the parameter values found in steps 1 and 2 as initial estimates,
all parameters ¥, &. g and 0'2 are calibrated in the last step, thus mﬁdng sure
that unbiased estimates of these parameters are found ( ai set at correct

value). If the adjustment in step 3 is large, i.e. if very different values of the
parameters are found, we must be suspicious and perhaps decide to use the
parameters found in steps 1 and 2 and forget step 3.
The result of the calibration with SSDKOPT is a file with calibrated parameters
and the mean error (ME), root mean squared error (RMSE) and mean absolute
error (MAE) of Kalman filter time updates:
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1 & (n
ME:—Z(h(k[k—l)-yk) (27)
M i3
1 M
RMSE=JHZ(h(k|k D-y.J (28)
k=]
MAE =— Zh(klk -y, (29)

A

Furthermore, the file with Kalman filter predictions is given, which contains the
Kalman filter time updates, measurement updates, their variances, observations,
innovations (see 2.3) and the innovations 95% prediction interval. Also given is a
file with the other water balance terms, such as soil saturation, specific discharge
and actual evapo-transpiration. Figure 7 shows an example of the output from a
calibration run.

0.4

0.2 4

0.0

0.2 4 53

N faesetime upchte

04 ® cbservation
E A inrovation
E 0.6 - = 5% rdallen inerva
s
* 08 |, ~

-1.0 4

-1.2

14 h

.
1.6 y r r . . . .
o 500 1000 1500 2000 2500 3000 3500 4000
time step (deys)

Figure 7 Example output from calibrating the SDE

2.4.2 Verification: prediction without Kalman filter

After calibration, it is wise to check whether the deterministic part of the model is
able to describe the dynamics of the water table depth sufficiently well. An
indication that a deterministic fit is problematic would have been the a strong
adjustment of the parameter values in step 3 of the Calibration step. Figure 7
shows the time updates from the Kalman filter. A problem with using the Kalman
filter could occur if the number of observations is large. In that case, the resuiting
time updates could be insensitive to the model dynamics, because updating is
performed too frequently. In that case a small value of criterion (25) could still
result in poor estimates of the dynamic parameters ¥, & and ¢q,. Therefore, a

116 Alterra-rapport 118



prediction with the deterministic part of the model should be made, without the
updating. This can be achieved by running SSDKOPT for the calibration period as
a means of verification by setting o= 0 and the observation error

variance 0'.3; =1, and fixing the values of ¥, & and g, at their calibrated values (in
VIDENTE this is an option in the prediction menu). The result of the verification

with SSDKOPT is a file with parameters used and the following verification
statistics:

M
ME =3 (ikan-,) (30)
k=l
RMSE = J-l_i(h(km) -v) 31
M
MaE=L§ | (32)
M

which are usually larger than the statistics from the calibration run, because no
updating is used. SSDKOPT also gives the file with predictions, the observations

and the residuals h(kAt)—y,. Figure 8 shows and example of the output from a
verification run, where in this case observations are present almost every day.

0.4

02 ﬁ_ - ;benrvm‘of" 4
A residusl

0.0

0 200 400 600 BO0 1000 1200 1400 1600 1800 2000 2200
time step (days)

Figure 8 Example of verification of the deterministic part of the SDE model by prediction
without updating

2.4.3 Simulation

Using the calibrated parameters from the calibration step the program SSDPATH
can be used to simulate single realisations of h(¢) and all related properties such as
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soil saturation, drainage discharge and evapo-transpiration. In case fluctuation
quantities have to be estimated, multiple realisations are required which can be
simulated using the program SSDSIM. The output of SSDSIM consists of three
files, containing respectively the realisations of A(r), S(t) and g4(z). These files can
be used as input for the program STATSIM, in order to calculate the fluctuation
properties. In our example we would typically simulate realisations of 30 years
long, i.e. using precipitation and evapo-transpiration (and possibly surface water
levels) from 1970-1999, in order to obtain fluctuation quantities that are
representative for the current climate, and not only for the weather conditions for
the observation period 1995-1999 (see Knotters and Van Walsum, 1997).

2.4.4 Estimating fluctuation quantities

Using the program STATSIM fluctuation quantities can be calculated from the
simulated realisations. The output consists of the following (here we describe the
output for k(#); similar output can be obtained for S(¢) and ga(1):

A file with statistics

An example of this output is shown hereafter in Figure 9. The mean highest water
table, the mean lowest water table and the mean spring water table are given
(expected values, merian values and 5 and 95 percentiles). Here quantities are
calculated per realisation. So, the uncertainty here reflects only model uncertainty.
The univariate statistics are statistics over all simulated water table depths, which
means that they reflect both the within year variation and the year to year variation of
the weather as well as the model uncertainty (variation between realisations).

mean ~106.42581%
variance 360.064484
etdev. 18.975365
3rd moment -539.639771
POl -148.944107

P05 -138.432495

P10 -132.007401

P2s -119.718979

P50 -105.809%341

P75 -92.923240

BS0 ~82.159462

P95 -75.837044

P59 -65.247566

mean 5% 50% 95% etd
GLG(t} -135.358978 -138.189285 -135,264694 -132.976761 1.565006
GHG (t} -78.744606 -81.293327 -78.789520 -76.163002 1.535088
GLG(z) ~-135.058350 -138.189285 -134.869598 -132.487930 1.608089
GHG (w} -79.471909 -82.413284 -79.414589 -76.819191 1.603910
GVG(t) -99,525368 +~103.,282478 -99.257187 ~96.835274 2.082639

Figure 9 File with fluctuation statistics as output of STATSIM; GHG: mean highest water
table; GLG: mean lowest water table; GVG: mean spring water table; between brackets:
denoting whether the statistic is determined for the whole year (), the summer period (s) or
the winter period (w).
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A file with the frequency of exceeding graph (FOE-graph)

The FOE-graph gives for every level the number of days that the water table depth
on any future day of any future year (at the same climate and hydrological regime
as in the calibration period) exceeds that level. It is in fact the cumulative
frequency distribution, reflecting both the within year variation and the year to
year variation of the weather as well as the model uncertainty. Figure 10 shows an
FOE-graph.

-40

-120 \
140 \

-180

water table depth {cm surface)

0 50 100 150 200 250 300 350
Number of days per year exceeded

Figure 10 Frequency of exceeding graph

A file with the regime graph
The regime graph gives for every day number in a future year the expected water

table depth, the median and the 5 and 95-percentiles. The variation per day
number therefore reflects both year to year variation (i.e. our uncertainty about the
future weather) as well as model uncertainty. Figure 11 gives an example of a

regime graph.
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Figure 11 Regime graph; black solid line: mean; black dashed lines: 5- and 95-percentiles;
grey solid line: median.

A file with the histogram

Like the FOE-graph, the histogram reflects both the within year variation and the
year to year variation of the weather as well as the model uncertainty. From the
histogram we can reac.the expected number of days that the water table depth will
be within certain boundaries. Figure 12 gives an example histogram.

016

0.14 1

0.00 4 .
-200 180 160 140 120 -100 -80 -60 -40 20 0

water table depth (¢m surtace)

Figure 12 Example histogram

A file with the correlation function

The correlation function gives the correlation coefficient between day & and day k
+1 (= lag 1), day k and day k+ 2 (lag 2), day k and day & + 3 etc. The correlation
function reflects both the response time of the groundwater system, as well as the
periodicity of the rainfall surplus. The longer it takes for the correlation function
to cross the x-axis, the slower the response time of the groundwater system.
However, because the periodicity of the rainfall surplus is also included, we
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cannot read the characteristic response time from the correlation function. The
correlation function is the average of the correlation functions that are estimated
for the realisations. An example correlation function is given below (Figure 13).

o1\
A
0.2 \ m

- ~ / i
. AN

-0.6

carrelation

¢ 50 100 150 200 250 300 350 400 450 500
lag (days)

Figure 13 Example correlation function

Strictly speaking, the characteristic response time of a non-linear system like
Equation (1) actually does not exist, because it depends on the water table depth
itself. However, an average value of the characteristic response time (in days) can
be approximated as (in analogy with Knotters and Bierkens, 2000):

7. =3G(R) Y,y (33)

where / is some nominal value of the water table depth (as in Equation (16)). The
response time gives the maximum time interval that is allowed between
observations.

Of course many more fluctuation quantities could be estimated from the simulated
realisations; see for instance Bierkens (1998) and Knotters et al. (2000).

2.4.5 On line prediction and monitoring

Finally, using the calibrated model, the program SSDKOPT can be used for on
line prediction, where in between dates that observations of water table depth are
taken, optimal predictions of water table depth are obtained using the Kalman
filter. Also, non-observed properties can be predicted with the model, such as soil
saturation, drainage discharge and actual evapo-transpiration. The Kalman filter
can also be used as a monitoring instrument by running it on line and checking
whether not much more than 5% of the innovations fall outside the 95% error
bounds (see Figure 7). If more than 5% falls outside, a change in the hydrological
system may have occurred. An alternative way of monitoring such a change is
running the deterministic predictions on line and plot the observations together
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with the prediction interval I;k +1.960, (with o,approximated with Equation

(16) or calculated exactly by running SSDKOPT without the observations). If the
observations start to plot outside this interval, a significant change in the
hydrological system may have occurred.
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Annex: Input instructions for SSD

Note: For all stand alone SSD programs (SSDKOPT, SSDPATH, SSDSIM) the
input of levels (initial water table depth, surface level, surface water levels) is in
meters (m) and the variance of the observation error in meters squared (m ). This
is different from the input screens of VIDENTE where all these inputs for SSD (in
accordance to the other programs) are in cm and cm”.

The program SSDKOPT is used for calibration (deterministic, stochastic, all
parameters) and prediction (with and without the use of a Kalman filter)

Header of the gram SSDKOPT with in g% t%

ﬂﬂCﬂOﬂS
CEEETERETI%Y T T TEEE TR ERRRY S FEEEEFTTRRTVLRITTT LTI THIRLRR%S

Copyright (C) 2000, Alterra, Green World Research

This program is distributed in the hope that it will be useful,
but WITHOUT ANY WARRANTY., No author or distributor accepts
responsibility to anyone for the consequences of using it or for
whether it serves any particular purpose or work at all, unless he
C says so in writing. Altering or redistribution of the software should be
done while giving proper reference and in accordance with the

terms and conditions mentioned in the GENERAL TERMS AND CONDITIONS
AS TC THE MAKING AVAILABLE OF COMPUTER SOFTWARE issued by Alterra

{see Word document on the CD).

naoaoaoaann

C

P TaTale ol el el el v o e el o e eralelatal ol el ololelslalalalalelelolelslelalalatsTolelolats o el s o e e ol  wla ot ale el slal el s ol elolelalal o o el et alatel e1o]
¢ Program: SSDKOPT - Soil Stochastic Differential equation Kalman filter

I and OPTimization

c

¢ Goal: Calibration of a stochastic meodel for the simulation of groundwater
el heads and drainage discharge, using a Kalman filter form of the

<] Gaussian maximum likelihood criterium.

c The model is postulated in the form of a Stratonoviteh stochastic

c differential equation which is numerically solved with Runge kutta
c integration.

c

¢ Version: 1.2 (december 8th 1997)

=] * Equilibrium profile modelled with a modified van Genuchten model
c * Maximum three drainage levels

c * bouncing boundaries in optimization

c * closure criterium optimization (ftol) read from file

¢

¢ Author: Marc F.P, Bierkens

c Reference: Bierkens, M.F.P., 1998. Modelling water table
fluctuations

o by means of a stochastic differential equation.

c Water Resources Research 34(10), 2485-2459,

c
c****************i****************ﬁ**************ﬁ************************t
c Input:

¢ interactive:

c parfilel - name of parameter file for the stochastic model

c parfile2 - name of parameter file for the calibration part

c
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c********************************************i********************************

c PARFILE]

Ohkhkkhhkhhrhkrhhhkhhhhhhhhrhhhhrhdhhbhhhrkhdhkhhhrdthkhhkhhhhhhhdrdthrhhbhhthhhhrddhx

¢ The wvalues should be put in the parameter file in the following oxrder:

¢
general input:
record 1} ;: outfile - name output file of perdiction routine
record 2)
irandom - integer flag which is set to 0 if the mean

trajectory is required. All other values
lead to the simulation of random paths.

igeed - seed for the random generator; wvalue must
be negative; a value is always needed

meteoc parameters:

record 3) : ipflag - if zero, precipitation is constant,
if not zero it is the unit number under which
the precipitation is read.

record 4) : if ipflag .eqg. 0 then
xmp - mean precipitaticn (mm/day)
vp - variance precipitation (mm2/dayz2)
else

vp - variance of noise on precipitation
(mm2/day2)
must be at first 10 positions

icolnr - column nummer that must be read from file

must be at positions 11-20
precname - name of precipitation input file

-

: endif
record 5) : ilepflag - if zero, potential evapotranspiration is
constant, if not zero it is the unit number
under which the potential evapotransipration
is read.
record &) : if iepflag .eg. 0 then
xmep - mean potential evapotranspiration (mm/day)
vep - variance potential evapctranspiration
{mm2/day2}
exps - exponent of the relation average soil

saturation and actual evapotranspiration (-)
cropf - crop factor (1.0 for grass}

else
input file
vep - variance of noise potential evapo-

transpiration {(m2/day2)
must be at positions 1-10

exps - exponent of the relation average soil
saturation and actual evapetranspiration (-)
must be at positions 11-20

cropf - crop factor {1.0 for grass)
must be at positions 21-30

icolnr - column number to read from file
must be at positions 31-40

evapname - name of potential evapotranspiration

input file
endif

5011 phygical parameters {(modified van Genuchten model)

record 7): thesat - saturated volumetric water content ({-)
theres - residual volumetric water content ({-)
alpha - alpha value cf model ({(positive} (1/cm)
expn - exponent of the modified van Genuchten
relation (-)

oo 000000000000000000000000000000000008000020

eps0 - elastic (residual} groundwater storage (-)



record

record

record

record

record

record

record

record

record

record

cnaoanNnooaonoaoonononnoaoao0aOa000coaanNoaoaannao0OnNoOooaooo0a0nNo000a0ntOo00000020

8):

9):

10)

11):

12):

11):

12)

13)

14)

15)

parameters
record 16):

geohydrological parameters and inputs

xsurf - surface elevation level (m reference level)

gwstart - groundwater level at start simulation
{(m reference level}

iwflag - if zero, water levels are constant,
if not zero it is the unit number under which
the water levels of nearby water courses are
read.

if iwflag .eq. 0 then

nwe - number of different drainage levels
(maximum of 3}

do i = 1,nwe {

wl (i) - water level of nearby water course i
{m reference} level
gamma (1) - drainage resistance of ith water

course {(days}

}

else
nwe - number of different drainage levels
must be placed in first ten positions
wlname - name of file with water levels

do i = 1,nwe {
gamma (i} - drainage resistance of level i (days)

endif
idrcode (i=1,nwc)

- if one, the water course is both draining
and infiletrating; if zero the water course
is only draining, i.e. when the groundwater
table is above the drainage level of this
water course.

ivflag - if zero, vertical fluxes are constant,
if not zero it is the unit number under which
the vertical fluxes are read.
if ivflag .eq. 0 then
vElux - flux to/from deeper groundwater {(mm/day);
positive value for exfiltration {(upwards)
else
viname - name of file with vertical fluxes
endif
for numerical integration:

dstep - time step {(days)
simtim - total integration time (days)
iwrite - frequency (time steps) of writing the results

intflag - if equal to 1 a first order Runge-Kutta
integration will be performed, otherwise
a fourth order Runge Kutta will be used.

iint - number of integraticn steps per time step
not exceeding MAXINT

CrkrdxrkAAERI kAR NA NN ond parameter File 1 *rkardrdrrrr s rahr kR kb v ke r v dh ki hn

C
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c PARFILE2
c*t****i**i*****t**i**i*******************************************************
record 1: measfile - name of file with measurements
regord 2: kalfile - name cf file with Kalman filter results
record 3: optfile - name of file with results of optimization
record 4: initial values of parameters to be calibrated: if a

parameter is actually calibrated it should be given

a non-zerc initial wvalue!

do i = 1,nwe |

par0 (i) - initial drainage resistance
[gamma {i)] (days}

]

par¢(nwc+l) - initial value of epsO [eps0] (-]

pard{nwc+2) - jnitial vertical flux [vflux] {(mm/day)

pard (nwc+3) - initial additive noise variance [vp)
(mm2 /day2)

parf{nwc+4) - initial multiplicative noise variance

Q000000000 0Q0O0N

vep]
(mm2/day2); If vp is calibrated vep must
be set to "0." and icalcode {(nwc+4) set
to IIOH .
record 5: integer code to determine whether to calibrate
a parameter: (1) or not: (0)
do i = 1,nwc+4 {
icalccde (1)
}

record 6: , gwl - initial value of groundwater level for
filter algorithm (m reference level)
sgwl - initial value of measurement update
variance (m2)

aaonNnaoaao00aaaa

record 7:
smeas - variance of measurement error (m2)
record 8:
ftol - closure criterium for optimization, typically
having a value between 0.0001 and 0.001. If no
minimum value is reached within 100 iteration
steps, the closure criterium sheould be
increased.

noooaaononn

FhKRRREIRE AR XA NE NN w 44 ond parameter file 2 ErRrA kI Ak hAdh bk kb hihawR T ahhhdk

(o]
ct*i***************************************************************t**********

o] MEASFILE - file with measurements of heads
c******************************************it*************it******************
record 1: nmeas - number of measurements

convf - conversion factor to convert the numbers

in the file to the numbers used in the program.
do i = 1,nmeas {
record{i+l) : xmtime (i} - measurement time-step (days)
xmeas (i) - measurement (m reference level}

}

C********************* end file with measurements **ahdkhkdhkdhrkhhthhrhkhdhhhbdithdh

ocnoanaoaa

C
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c'************************************************************t*******i********

c FILES WITH METEODATA - precipitation or potential evapotranspiration
C*****************************************************************************

c record 1: ndata - number data to read

] ncols - number of columns present

c cfag - multiplication factor (for unit conversion)
c if right unit: cfac = 1

c do i = 1,ndata {

c record{i+l): time(i) - time-step (days)

c ncols columns (one of which is precipition cor
c potential evapotranspiration)
c }

c

c note : input will be assumed constant for time{i-1) < timestep <= time (i)
c**t****************** end meteofile AL ST R RS S LRI R AR SRR LSRR R Rt R RS d

C
R R A R R R g g Y Y L 2 L R 22X ST
c FILE WITH WATER LEVELS

C*****************************************************************************
record 1: ndata - number data to read
do i = i,ndata {
recerd(i+l): time{i) - time-step (days)
nwe columns with water levels (m with respect
to reference level; i.e. one column for
every level of water course:

aoooaaoean

c note : input will be assumed constant for time(i-1) < time step <= time{i)
Orkhkkkkhkkhrkhkwk*kr® and file with water Jevels *rxkkrxhkrdrhrhhrhrrthhthkhrs
c
‘C*********t*t**************t****i***********t**t******************************

o FILE WITH BOTTOM FLUXES

c*******t**i**************************i**t**w*********************************

C record 1: ndata - number data to read

c do i = 1,ndata {

c record{i+1): time(i) - time-step (days)

c column with bottom fluxes {mm/day)
e }

c

¢ note : input will be assumed constant for time(i-1) < time step <= time (i)
Chkkkhkhkhkdkrhrhkkhhkhrr and file bottom fluxegk*dharddkdkkdkdkdhhkdhrkdkkhrhhdrdrhid
c

¢ Cutput:

Chhkkdhhrhkhhkhhkhhhhrththhkhkhhdhhkrdhrhkhrhrddhhrthhhrhhbkbbhhd bk h bt h bbbk dhk

c 1) outfile:

fe! file with a time series of the following record:

c record i = 1 to int(simtim/dstep):

c time - time (days)

c pnet - net precipitation P (mm/day}

c gwlevl - groundwater level {(m reference level}
c ssl - mean soil saturation (-)

¢ dflux - discharge flux (mm/day)

c (positive when out of system)

o plas - overland flow (mm/day)

c rest - rest term of water balance (Eg. 1) {(mm/day)
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c 2) balance.out:

c file with a time series of cumulative water balance compcnents
c record i = 1 to int(simtim/dstep):

c time - time (days)

o] stgw - cumalitive storage in groundwater {mm)

C stesecil - cumalitive storage in soil moisture (mm)

c cumpnet - cumlative amount of net precipitation {mm)
c cumdfiux - cumalitive amount drained to water courses
(mm)

c cumvilux - cumalitive amount from/to deeper

c groundwater {mm)

c cumplas - cumulative amount of generated surface

c water {mm)

c cumrestl - rest term of cumulative water balance (mm)
c***t*******w****ﬂ********************************t**************************
o] 3) kalfile:

c time - time (days)

c gw0 - time update (m below surface)

c gwl - measurement update (m below surface)

c sgwi - error variance time update (m2/day2)

e sgwl - error variance measurement update (m2/day2)}
c when measurements are available:

e xmeas - measured value (m below surface)

c (xmeas - gw() - innovation (m below surface)
c**************t********************t*tt*********wi*******i******************
c 4) optfile:

c iter - iteration number

c do i = 1l,nwc+4 |

c pari{i) - parameters

c

c funk (par) - value of criterium

jel=laledalelulalalalolelalaleololelalolalalolalatalelal sl efatala]olalalula alalet ol alnlolalalelnlefolol el el elal ol wlal afatal ol ol o ot e o Tal wlnlal o] oTo]

Following are parameter ﬁles (parf' ilel and parf' le2) for SSDKOPT

sdeciS51l0.out

079359

14 : '

. 20:0 0. 4 - debilt.cal . _

15 R . _ _ o
S0 0.5 1.0 § debilt.ca

0.433 0.0611° 0,00286 ©0.%43 0,05 : parfilel

0L '

Rphr T

I

1

-1.60 100,

1

0

2,00 '

1. 4017. 1 8 100

32¢13415.10

sdeci5.k10

Bdects.old

114466400 0.000640 2.331859 28.383366 0.
11110 _ parfile2
1,30 6.0 ' :

0. _
0.0001
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The program SSDPATH is used for simulating a single realisation, not only of the
water table depth but of all water balance terms.

Header of the program SSDPATH with input instructions
CE L T T T T T s R T T E TN L TR AN S LT PR AR
Cc

Copyright (C) 2000, Alterra, Green World Research

but WITHOUT ANY WARRANTY. No author or distributor accepts
respongibility to anyone for the consequences of using it or for
C whether it serves any particular purpose or work at all, unless he
C says so in writing. Altering or redistribution of the software should be
done while giving proper reference and in accordance with the
terms and conditions mentioned in the GENERAL TERMS AND CONDITIONS
AS TO THE MAKING AVAILABLE OF COMPUTER SOFTWARE issued by Alterra

(see Word document on the CD).

C
Cc
C This program is distributed in the hope that it will be useful,
C
C

c
CCCCLeCCCCCCCCCCCCCCCCCCCCeCCC o CCCCCCCCCCCCCoCCCCCOCCCCCCCCCCCCCCCClCCCCCrC

Program: SSDPATH - Soil Stochastic Differential egquation sample PATH
generation.
Goal: Simulation of sample paths of groundwater head aad drainage

dicharge from a simplified model of scil/groundwater interaction.
The model is postulated in the form of an Stratonovitch stochastic
differential equation which is numerically solved with Runge kutta
integration.

Version: 2.3 {october 25th 1996)
* Baquilibrium profile modelled with a modified van Genuchten model
* Maximum three drainage levels

c
]
e
c
c
c
c
c
¢
c
el
c
c
¢ Author: Marc F.P. Bierkens

c Reference: Bierkens, M.F.P., 1998. Modelling water table fluctuations
c by means of a stochastic differential equation.

c Water Rescurces Research 34(10), 2485-2499,

2 2222222222222 222ttt it bRl it sttt st sy

Input:
parfile - name parameter file
The wvalues should be put in the parameter file in the following order:
general input:
record 1) : ocutfile - name output file
record 2) .
irandom - integer flag which is set to ¢ if the mean

trajectory is reguired. All other values
lead to the similation of random paths.

iseed - seed for the random generator; wvalue must
be negative; a value is always needed

meteo parameters:

record 3} : ipflag - if zero, precipitation is constant,
if not zero it is the unit number under which
the precipitation is read.

aonNnaoaonooaoaonooQaoonn
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record 4) : if ipflag .eq. 0 then

xmp - mean precipitation (mm/day) :
vp - variance precipitation {(mm2/day2)
else
vp - variance of necise on precipitation
{mm2 /day2)

must be at first 10 positions

icolnr - column nummer that must be read from file
must be at positions 11-20

precname - name of precipitation imput file

endif
record 5} : iepflag - if zero, potential evapotranspiration is
constant, if not zero it is the unit number
under which the potential evapotransipration
is read.
record 6) : if lepflag .eg. 0 then
xmep - mean potential evapotranspiration (mm/day)
vep - variance potential evapotranspiration
{mm2/day2}
exps - exponent of the relation average soil

saturation and actual evapotranspiration (-}
cropf - crop factor (1.0 for grass)

else
input file
vep - variance of noise potential evapo-

transpiration (m2/day2}
must be at positicns 1-10
» exps - exponent of the relation average soil

saturation and actual evapotranspiration (-}
must be at positions 11-20

cropf - crop factor (1.0 for grass)
must be at positions 21-30

ieolnr - ecolumn number to read from file
mist be at positions 31-40

evapname - name of potential evapotranspiration

input file
endif

goil physical parameters {(modified van Genuchten model)
recoxrd 7):

thesat - saturated volumetric water content (-)

theres - residual volumetric water content (-)

alpha - alpha value of model (positive) (1/cm)

expn - exponent of the modified van genuchten
relation (-)

eps0 - elastic (residual) groundwater storage (-)

geohydroclogical parameters and inputs
record 8):
xsurf - surface elevation level (m reference level)
record 9):
gwstart - groundwater level at start simulation
{m reference level)
record 10) iwflag - if zero, water levels are constant,
if not zero it is the unit number under which
the water levels of nearby water courses are
read,
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record 11):

record 12}:

record 11):

record 12):

record 13)

record 14)

record 15}

parameters
record 16):

noannNaacgannNnoacoaoooOonnDONOaRA00ONO00o0000000000001000

c********************

=4

if iwflag .eqg. 0 then
nwc - number of different drainage levels
{maximum cf 3}

do 1 = 1,nwe {

wl{i) - water level of nearby water course I
{m reference level)
gamma (i) - drainage resistance of ith water

course (days)

}

else
nwe - number of different drainage levels
must be placed in first ten positions
wlname - name of file with water levels

do i = 1,nwe {
gamma (i) - drainage resistance of level i {(days)

endif
idrecode (i=1,nwc)

- if one, the water course is both draining
and infiltrating; if zero the water course
is only draining, i.e. when the groundwater
table is above the drainage level of this
water course.

ivflag - if zero, vertical fluxes ar: constant,
if not zere it is the unit number under which
the vertical fluxes are read.
if ivflag .eg. 0 then
vEilux - flux teo/from deeper groundwater {mm/day);
positive value for exfiltration (upwards)
else
viname - neaem of file with vertical fluxes
endif
for numerical integration:

dstep - time step {(days)
simtim - total integration time (days)
iwrite - frequency {time steps) of writing the results

intflag - if equal to 1 a first order Runge-Kutta
integration will be performed, otherwise
a fourth order Runge Kutta will be used.

iint - number of integration steps per time step
not exceeding MAXINT

end parameter File *hAhwhhkhkhkh bk hhh A rhhhkh kb tdhdhdhdhhw

c*************i*****************lr**********t****t************************ti***
c FILES WITH METEODATA - precipitation or pctential evapotranspiration

AR R AAL A LR AL SR LT R R R 2R e XX R E RS RS E RSS2 SS R RR R R R SRS RS S AR

record 1: ndata - number data to read -
c ncols - number of columns present
Q cfac - multiplication factor (for unit conversion}
c if right unit: cfac = 1
c do i = 1,ndata {
c record(i+l}): time(i) - time-step (days)
o ncols columng (one of which is precipition or
c potential evapotrangpiration)
o]
¢ note : input will be assumed constant for time({i-1) < timestep <= time (i)
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C FILE WITH WATER LEVELS
c****************************************************************t**i***t*ti**
record 1: ndata - number data to read
do i = 1,ndata {
record{i+l): time(i) - time-step (days)
nwe columns with water levels (m with respect
to reference level; i.e. one column for
every level of water course)

oaaaonaan

}

¢ note : input will be assumed constant for time(i-1) < time step <= time(i)}
c******************W*****************'.ll****ti*********W************************

o] FILE WITH BOTTOM FLUXES
C***********************************************************i****************t
record 1: ndata - number data to read
do i = 1,ndata {
record{i+l}: time(i) - time-step (days)
column with bottom fluxes (mm/day)

nenana

¢ note : input will be assumed constant for time(i-1) < time step <= time(i}
c*********'W**************i****************************************************

¢ Output:

[¢]

1) outfile:
file with a time series of the following record:
record i = 1 to int(simtim/dstep):

time - time {days)
pnet - net precipitation P (mm/day)
gslevl - groundwater level (m}
ssl - mean soil saturation {(-)
dflux - discharge flux (mm/day}
{(positive when out of system)
plas - overland flow {(mm/day)
rest - rest term of water balance (Eg. 1) (mm/day)

2) balance.out:
file with a time series of cumulative water balance components
record i = 1 to int{simtim/dstep):

N Na00N0~0000000000000000010

time - time (days)

stgw - cumalitive storage in groundwater (mm}

stsoil - cumalitive storage in soil moisture {mm)

cumpnet - cumlative amount of net precipitation {mm}

cumdflux - cumalitive amount drained to water courses

mm)

cumvflux - cumalitive amount from/to deeper
groundwater {(mm)

cumplas - cumulative amount of generated surface
water (mm)

cumrestl - rest term of cumulative water balance {(mm)

[elslofelofolelolelelalalalalalalalalalalale]olal slol ninlalwlalalele] clalalulal elelalelalelalslolelaol el ol ol ool el alotalelolalol o] olalslal o] alal sl  alale)

Example parameter file for SSDPATH

sdepl5.ELD
17+79359 1000
14 Co .
28.437038 4 debilt.val
15 :
9.0 0.8 ° 1.0 "5 debilt.val
0.433. £:0611 0.00286 "0.943 0.000103
L 0.00 ;- X . o
~1:30
A
1 P T
-1.60.111.006554
[
- 2.4D9005 L
1. 2181, 1 47100
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The program SSDSIM is used for simulating multiple realisations of water table depth
(m), soil saturation (-) and drainage discharge (mm/d).

Header of the program SSDSIM with input instructions
CEEEEs s s s as ot rssr ittt asasaass st ssatastssatasrossesessassesrsesssssssss

Copyright (C) 2000, Alterra, Green World Research

This program is distributed in the hope that it will be useful,

but WITHOUT ANY WARRANTY. No author or distributor accepts

respongibility to anyone for the consequences of using it or for

whether 1t serves any particular purpose or work at all, unless he

C says so in writing Altering or redistribution of the software should be

done while giving proper reference and in accordance with the

texrms and conditions mentioned in the GENERAL TERMS AND CONDITIONS

AS TO THE MAKING AVAILAERLE OF COMPUTER SOFTWARE issued by Alterra

(see Word document on the CD).

c

lelalelalalelelololalelelalolelalatelalolelolelolal sl ool o ofutalala alale  alo el ale o o e alale [el alelel elel olulot el o s lelolule el ol sl n ol oo ol o  olulols:

Program: SSDSIM - Soil Stochastic Differential equation SIMulation
program

annnnNnaaoao

Goal: Simulation of multiple realizatiuons of groundwatar head, drainage
dicharge and soil saturation from a simplified model of
soil/groundwater interaction. The model is postulated in the form
of an Stratonovitch stochastic differential equation which is
numerically solved with Runge Kutta-integration.

* Equilibrium profile modelled with a modified van Genuchten model
* Maximum three drainage levels

c

c

c

c

C

c

c

c

c

c Version: 2.1 {aprl 3th 1997)
fal

¢

c

¢ Author: Marc F.P. Bierkens

¢ Reference: Bierkens, M.F.P., 1998. Modelling water table fluctuations
< by means of a stochastic differential equation.

c Water Resources Research 34(10), 2485-2499.

e

c*********************i*****************************************i*************

c Input:

Q

parfile - name parameter file

***%*x+ The values should be put in the parameter file *rrrtsxdwsnrrdrrdrhursr
LA 22 220 in the following order: (RAE I LRSS AR RS S22 20

general input:

record 1) : outfilel - name binary output file gws
record 2) : outfile2 - name binary output file sat
record 3) : outfile3 - name binary output file dis
record 4) .
irandom - integer flag which is set to 0 if the mean

trajectory is required. All other wvalues
lead to the simulation of random paths.

iseed - seed for the random generator; value must
be negative; a wvalue is always needed
nsim - number of realisations to be simulated

meteo parameters:

record 4} : ipflag - if zero, precipitation is constant,
if not zerc it is the unit number under which
the precipitation is read.

nooaoco0oaoc0oaocCoa0o0Q0o00Qaan
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record 5) : if ipflag .eq. 0 then

Xmp - mean precipitation (mm/day)
vp - variance precipitation {mm2/day2)
else
vp - variance of ncise on precipitation
(mm2/dayz2)
must be at first 10 positions
icolnr - column nummer that must be read from file

must be at positions 11-20
precname - name of precipitation input file

endif
record 6) : iepflag - if zero, potential evapotranspiration is
constant, if not zero it is the unit number
under which the potential evapotransipration
is read.
record 7} : if iepflag .eq. 0 then
xmep - mean potential evapotranspiration {(mm/day)
vep - variance potential evapotranspiration
(mm2/day2)
exps - exponent of the relation average soil

saturation and actual evapotranspiration (-}
cropf - crop factor (1.0 for grasgs)

else
input file
vep - variance of neoise potential evapo-

trangpiration (m2/day2)
must be at positions 1-10

exps - exponent of the relaticon average soil
saturation and actual evapotranspiration (-)
must be at positions 11-20

cropf - crop factor (1.0 for grass)
must be at positions 21-30

icolnr - column number to read from file
must be at positions 21-40

evapname - name of potential evapotranspiration

input file
endif

soil physical parameters (modified van Genuchten model)
record 8):

thesat -~ saturated veolumetric water content (-}

theres - residual volumetric water content (-)

alpha - alpha value of model {positive} (1/cm)

expn - exponent of the modified van genuchten
relation (-)

eps0 - elastic (residual) groundwater storage (-}

gechydrological parameters and inputs:
record 9):

xsurf - surface elevation level (m reference level)
record 10} :

atooaooncannooa0onNooeocoooao0cCo00nOQCOnNNROOCOanCCON0O0RROO000

gwstart - groundwater level at start simulation (m
reference level)

c record 11} iwflag - if zerc, water levels are constant,

I if not zero it is the unit number under which
c the water levels of nearby water courses are
c read.
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if iwflag .eqg. 0 then
record 12} : nwe - number of different drainage levels
(maximum of 3)
record 13}:
do i = 1,nwec {

wl{i) - water level of nearby water course I
(m reference level)
gamma (1) - drainage resistance of ith water

coursge {days)

}

elge
record 14): nwc - number of different drainage levels
must be placed in first ten positions
wlname - name of file with water levels

record 15):
do i = 1,nwe {
gamma (i) - drainage resistance of level i (days)

endif
record 16} idrcode (i=1,nwc)

- if one, the water course is both draining
and infiltrating; if zeroc the water course
is only draining, i.e. when the groundwater
table is above the drainage level of this
water course.

record 17) ivflag - if zero, vertical fluxes are constant,
if not zero it is the unit number under which
the vertical fluxes are read.
record 18) if ivflag .eqg. 0 then
vilux - flux to/from deeper groundwater (mm/day):;
positive value for exfiltration (upwards)
else

viname - neaem of file with vertical fluxes
endif

parameters for numerical integration:
record 19):

dstep - time step {(days)
simtim - total integration time (days)
iwrite - frequency (time steps} of writing the results

intflag - if equal to 1 a first order Runge-Kutta
integration will be performed, otherwise
a fourth order Runge Kutta will be used.
iint - number of integration steps per time step
not exceeding MAXINT
record 20):
yearl - first year to be simulated (start at januari

~—

record 21):

aorFOOoOOOoOO0OO0OO000NOQOANOO00NOCCO0OONO0COO0OO00C00000QO0N000OGO0AQA0D0

startim - startup time (days}
c*****************l’*************i****i*i*ttt***t***t*tﬁ*********i*Wii**********

c FILES WITH METEODATA - precipitation or potential evapotranspiration
c*i*****************************ti**********************t*********************
record 1: ndata - number data to read
neolg - number of columns present
cfac - multiplication factor (for unit conversion)
if right unit: cfac = 1
do i = 1,ndata {
record{i+1l}: time(i) - time-step {davs)
ncols columns (one of which is precipition or
potential evapotranspiration)

aonaonaaonnan

note ; input will be assumed constant for time(i-1) « timestep <= time (i)
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e FILE WITH WATER LEVELS
c**********i****************************************************************t*
record 1: ndata - number data to read
do i = 1,ndata {
record(i+l}: time({i) - time-step (days)
nwe columns with water levels (m with respect
to reference level; i.e. one column for
every level of water ccurse)

aaanoanan

¢ note :; input will be assumed constant for time(i-1l) < time step <= time(i)
c**************************************ti*************************************

c FILE WITH BOTTOM FLUXES

ChkRkhhkk Rk h Ak kA A kb Ak h b dhhrr ok okt dhh bbbk AR ARk b kb bk h Ak hk ek hhk

c record 1: ndata - number data to read

e do i = 1,ndata {

c record(i+l): time(i) - time-step {(days)

o column with bottom fluxes (mm/day)
c }

o

¢ note : input will be assumed constant for time(i-1) < time step <= time(i)
Chkdkhhhkkhkdkhkhhkdhdkdhddhkthkhkkkhbk btk hhbkdhthr bk bk bk kbkhrd kb hdhtdkhhdhhhkhks

fal
¢ Qutput:

o]

¢ unformatted files (can be used as input for STATSIM)

¢ outfile 1: .

c record 1: yearl - first year of simulated realisation
c nsim - number of simulated realisations

c nyears - number of years per realisation

c do k = 1,nsim

c do i = 1,nsteps

C record 1 + (k-1l)*nsim + i:

c gwl - simulated water table depth (m)
¢ enddo

c enddo

¢ note: nsteps = int(simtim/dstep)

¢ The same format for

¢ outfile2: ssl - goil gaturation

¢ outfile3: dflux - drainage flux (mm/d)

felolelalelalatalat olalatolslolololslol sle ol olr sl ol sl alalol sl el el alslelvlsiolntslolal alelalelalal alalolul ol sfelalatalalal T o dut ol o el e Talu o o o Ja o]0 o]

Example parameter file for SSDSIM

B {e C-F- AR LI 1E:
Bdesl510.8at

pdesl510.dis

1 -79359 1000 . _
2B.383366 | . -4 - debilr.wal
i5

RGeS Y T Lie ¢ s debdlt.val
0.432. 0,0631 0.00284 ﬂ.943_ 0.000303

e.¢ . _

~1.30

g .
1
«1.60 111.006554
E ’

1)
2.405005 .
'1;_2191.‘1?4‘100 ’
1891 3
365
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Part4: Documentation EMERALD

A program for modelling the water table depth using a physically
based stochastic model
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1.  Model, input variables and parameters

1.1 Model description

An extensive description of the model, its derivation and use can be found in:
English

Walvoort, D.J.J. and M.F.P. Bierkens, 1999. A stochastic modelling approach for
rapid assessment of groundwater dynamics. Report 171, DLO Staring Centrum,
Wageningen.

Dutch

Bierkens, M.F.P. en D.J.J. Walvoort, 1998. Eenvoudige stochastische modellen
voor grondwaterstandsfluctuaties. Deel 2: Gecombineerd bodem-
grondwatermodel met stochastische invoer. Stromingen 4(3), 5-20.

Here follows a brief description of the model and its parameters.

The basic model used in EMERALD (as applied in VIDENTE) is the following
physically based transfer function-noise model:

h, =h +n, (1)
he =h,+alh_, —h,)+bg,(k)+b,q,(k-1) 2)
n,=¢n_, +& (3)
with
k discrete time steps of size At,i.e.t =kAt,k =0,12,...;

h, water table depth [L] at time step &;

h, deterministic part of the water table depth [L] at time step &;

n, auto-regressive noise process [L] at time step k;

£, zero mean discrete Gaussian white noise process at time step &;

qu(k) average net input to the groundwater system  between
(k —1DAt and kAr [LT ™Y
(= groundwater recharge + seepage — capillary rise);

h surface water level [L] (assumed constant); .
a auto-regressive parameter of the deterministic model [-];

b,b, moving average parameters of the deterministic model [T1;

¢ auto-regressive parameter of the noise model [-];

o variance of the white noise process &, [L3.

Equation (1) shows that the water table depth consists of a “deterministic” part
(Equation (2)), which is explained by variations of net groundwater input, and a
“stochastic” part (Equation (3)) which describes the part that is not explained by
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precipitation surplus. Model (1)-(3) model is therefore a stochastic model and #; a
stochastic process. In chapter 2 the nature of stochastic processes is described.
The deterministic model (2) that describes the water table fluctuation as a function
of net input is based on a solution to the linearized Boussinesq Equation as
provided by Kraijenhoff van de Leur (1958}, Maasland (1959) and a further
analysis of their solutions by de Zeeuw (1966). For a derivation of Equation (2)
we refer to Walvoort and Bierkens (1999). Figure 1 shows the hydrological
system under study.

x=() x=L
N 4 1
: dr i : ROOt
vlr I I | zone
f i h
Yo, ! | s
E q i Percolation
) ¢ i Zone
e H
) :
Y
= @ - Groundwater,
- qq @ | * qqa—1> zone
v |
qv

Figure 1. Schematic representation of hydrological system modelled with Equation (2)

The following additional variables and parameters are shown in Figure 1:

d; thickness of the root zone [L];

qp(k) average percolation flux [LT'] between k-1 and k, which is the water that
percolates from the root zone when xt is above field capacity;

ge(k) average groundwater recharge [LT'] between k-1 and k;

go(k) average capillary rise {LT'] between k-1 and k;

Qv flux from/to the deeper groundwater system. [LT']. This flux, which is
assumed constant, can both be positive (seepage or exfiliration) and
negative (downward seepage or 1nfiltrat10n)

gq(k) average drainage flux to surface water [LT'} between k-1 and k. This flux
can also be negative if the water table falls below the surface water level;

H specific yield (effective porosity) [-];

¥ drainage resistance [T] (here  y=(L’/8kD), where kD is the
transmissivity);

X position along the strip of land with respect to the surface waters varying
from O (left) 1o L (right), where L is the distance between the surface
waters.

Notice that in this scheme both the water table as the surface water level are
measured with respect to surface elevation. In the following we will describe the
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three zones depicted in Figure 1 in more detail. The models of the root zone and
the percolation zone are almost entirely based on the work of Zwamborn (1995).

Root zone
The root zone is modelled as a reservoir that overflows when it is full (see Figure
2).

Vinax ‘““‘"""; --------------- 71

Vini

Figure 2 Schematic represeniation of the root zone

For each time step the volume of moisture is calculated according to the following
balance equation:

Vi =Via +IPR) - E, (k) + g, (k) — g, (K)]At CY

where

Vi volume of soil moisture stored in root zone [L];

P(k) average precipitation minus interception losses [LT'} between k-1 and k;
E,(k) average actual evapo-transpiration [LT '] between k-1 and k.

The upper and lower boundaries V are governed by the soil moisture content at
field capacity 8¢ [-] and wilting point @, [-] respectively:

Vmax = drefc (5)
Voo =d.0,, (6)

If R(k) is the observed average precipitation between %k and k-1 without
interception losses is , P(k) is calculated as:

P(k) = (1- F)R(k) (7)

where Fj is the interception fraction. The actual evapo-transpiration is caiculated
as:

E,(k)=r(h )F,E, (k) ®
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where

E(k) average “Makkink reference crop evapo-transpiration” between k and k-1
LT}, which gives the transpiration of a full grass cover under optimal
conditions of water supply;

F. crop factor [-];

r(hy) reduction function giving the reduction in potential evapo-transpiration as
a function of average pressure head 4, [L] in the root zone.

Table 1 list for 2 number of different land use classes the crop factor F, as well as

the interception fraction Fi. Figure 3 shows the reduction function that has two

parameters:

hp pressure head at limiting point [L]. At this pressure head the evapo-
transpiration becomes smaller than potential (usually -500 cm);

hw,  pressure head at wilting point [L]. At this pressure head the evapo-
transpiration becomes zero (usually -8000 cm);

r(hp)A
1
C -
Vi) lrasl |

Figure 3 Evapo-transpiration reduction function

Pressure head is dependent on the moisture content of the root zone and is
calculated according to Van Genuchten (1980):

itfe-0 ¥ .|
h =— I -1 9
, a[&—&] ©)

where o [L‘l], n [-1, 6 [-] and & [-] are Van Genuchten parameters, in particular
8, is the saturated moisture content and &, the residual moisture content of the soil.
The Van Genuchten parameters for several representative soils have been
tabulated by Wosten et al. (1994) and are used by EMERALD by reading a file
“staring.dat”. From Van Genuchten’s relationship we can also obtain the soil
moisture at field capacity 8¢ (for Equation (5)), i.e. the soil moisture content at hy
= -100 cm. This file can be edited to add Van Genuchten parameters of other soil
types or samples. For the moisture content needed in (9) the average moisture
content of the root zone is taken as calculated from the storage at the previous
time step:

%4
g =L 10
d (10)
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Finally, to complete the water balance the capillary rise has to be accounted for.
The capillary rise depends on the water table depth. As the water table depth is the
object of our calculation, the capillary rise is calculated from the water table depth
at the previous time step. First the maximum possible capillary rise is calculated
as a function g, of A4.;:

q. (k)=g8.(h ) (i1

The function g. is a logistic growth function of # whose form also depends on the
soil moisture retention curve and the unsaturated conductivity curve. These are
both parameterised with Van Genuchten (1980) parameters and can thus be
obtained for the representative soils tabulated by Wdsten et al. (1994) and the
“staring.dat”. In Walvoort and Bierkens (1999) the function g; is given. If A;; is
too deep below the root zone, the capillary rise becomes zero.

Of course capillary rise can only occur if no percolation takes place, and if it
occurs it can never be so large that it exceeds the storage capacity of the root
zone. Therefore, the actual amount of capillary rise is given by:

0 if V,_, +[P()—E, (k)A? > V.
gty ={ Ve TV PO B OB ey 1y B,y 42100 > Vo
q:" if V., +[P(k)—E, (k)+q™ At <V
(12

If capillary rise occurs no percolation occurs and vice versa. Percolation is
therefore given by:

e (Vs +[PU) - f; RIAD) Ve ity 4 PGty - E,(k)Ar >V,
P

0 otherwise

(13)

Percolation zone

In case of shallow water tables, the percolated water is added directly to the
groundwater as groundwater recharge: g(k) = gp(k). However, if the unsaturated
zone is large, the percolated water will be significantly attenuated and ‘Gelayed
before it reaches the groundwater. Flow through the unsaturated zone is described
with Richards’ Equation. To avoid solving this equation Zwamborn (1995)
described the attenuation and delay using a convolution equation:

13
g,()=Y q,(OUALE—i+1) (14)

=]
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where U (At,k)is the pulse response of the percolation zone, i.e. the outflow of a

linear system due to an input of unit volume occurring at a uniform rate for a
period At.The pulse response can be found by linearising Richards’ equation
around the effective soil moisture content 8, (see Walvoort and Bierkens (1999)

for a derivation). If the water table is deep enough a fair assumption is that the
downward flux in the percolation zone is equal to the unsaturated conductivity
(gravity flow). So the effective soil moisture content is that soil moisture content
for which the unsaturated conductivity is equal to the long year averaged
groundwater recharge <g,> (which is also equal to the long year average
percolation):

O Sk(By)=<gq, > (15)

Wesseling (1991) gives the long year average soil water balance for various
combinations of land use and soil type. From these water balances the long year
average groundwater recharge can be obtained. The effective soil moisture
content follows from the unsaturated conductivity curve and the soil moisture
retention curve, which again can be obtained from the Van Genuchten parameters
and a representative soil type (Wosten et al., 1994).

In case more layers are present in the percolation zone, for each layer the effective
soil moisture content can be found and from this the pulse response. So, Equation
(14) is applied to each layer separately, while the outflow from one layer is used
as inflow from the layer below:

k
q;)=Y g, O, ALk—i+])  j=12.n; (16)
i=l

where ny is the number of layers, g; the outflow from layer j and U (Ar,k)its

pulse response. Note that g, =g and ¢, =4, -

It is also possible to assign for each layer i a fraction f, as bypass flow. This is
flow that is not delayed or attenuated but transferred to the next layer within the
same time step. This fraction can be seen as preferential flow through macropores
or along roots.

Groundwater zone
The net input to the groundwater system at any time step k is given by:

q,(ky=q,(k)—q. (k) +q, (7
The varying water table due to this input is given by Equation (2). The parameters
have a physical meaning as Equation (2) is an approximation to a solution of the

linearised Boussinesq Equation provided by Kraijenhoff van de Leur (1958),
Maasland (1959) and a further analysis of their solutions by de Zeeuw (1966) (see

146 Alterra-rapport 118



Walvoort and Bierkens (1999) for its derivation). The resulting expressions for the
parameters of (2) are:

a = exp —-E—A-Z- (18)
8uy
b, =-§~——y(l a)sm( 2 )+AU (19)
b, =—aAlU, (20)
where
2V, =y 3wt a-aysin 2 @
n=3.57... L

As can be seen, the dynamics of the water table depth depend on the distance of
the location to the surface waters. In most sandy soils, the largest component in
the drainage resistance is the resistance to flow close to the surface waters
(including entrance resistance), instead of the resistance to horizontal flow. In this
case, the form of the water table is more like a mesa (steep gradients close to the
water courses, almost no gradients elsewhere) rather than a sinus. It is best not to
~ take account of the distance in this case and use x=L/2, which means that the sinus
terms disappear from above equations. This is the standard setting in VIDENTE.
The distance to the water course is important in the following cases only: clayey
soils and unconfined sandy aquifers with deep water tables and large distances
between water courses.

Because we are working with a physically based model of groundwater flow it is
also possible to obtain an expression like equation (2) for the drainage discharge
to the water courses [LT '] (Walvoort and Bierkens, 1999):

g, (k)= ag, (k=1)+ B,q, (k) + B,q,(k~1) (22)

with
2
o= exp| - T2 23)
Suy

B = (24)

B, =-arU, T 5)
where

AU, =2 S aa-ar) (26)

" us3s.0.
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1.2 Input variables and parameters /invoervariabelen en parameters

Next we list the input variables and parameters used in the program EMERALD
{units between square brackets). These will be given in English and in Dutch.

English:
Input variables
P(k) average precipitation minus interception {mm/d) between (k—-1)andk,
calculated from the measured precipitation with ‘Equation (7). If
interception is accounted for, the calculation should be performed outside
of EMERALD en P(k) offered to EMERALD in the input file. Interception
fractions for various types of land use are given in Table 1,
E[k) average Makkink reference crop evapo-transpiration between k and &-1,
used to calculate actual evapo-transpiration using Equation (8).
soil and land use parameters
For top soil (root zone) and each subsoil layer (each layer in percolation zone):
Code code of reference soil type (texture class) used in the file
“staring.dat” (see Wosten et al., 1994 for an explanation of these
codes). For each code a set of van Genuchten parameters is read
that is used to characterise the soil physical properties of the layer
(e.g. Equations (9) and (15)). Staring.dat can be edited to include
the Van Genuchten parameters of additional texture classes of
those obtained from individual samples;

Thickness thickness of layer (cm)

fo bypass fraction (between 0 and 1). Gives for each layer the fraction
of percolation water that is preferential flow. This fraction is
transferred without delay and attenuation to the next layer. Not
used for the root zone layer. For shallow water tables (< 150 ¢cm
below surface) it is advised to set this parameter at 1 for all layers;

F. crop factor [-] (see Equation 8). Table 1 gives for a number of different
land use classes the crop factor F;

P pressure head at field capacity (cm) (see Equation 5). Can be given as
positive (pressure head) or negative value (suction head). A typical value
is 100 cm;

My ET reduction limiting point {(cm): pressure head at which the evapo-
transpiration becomes limited due to moisture shortage (Equation 8 and
Figure 3). Can be given as positive or negative value. A typical value is
500 cm;

hwp  ET wilting point (cm): pressure head at which evpo-transpiration comes to
a stop (see Equations 6 and 8 and Figure 3). Can be given as positive or
negative value. A typical value is 8000 cm;

Hydrological parameters

hs drainage level {cm) with respect to surface elevation (e.g. —150) (see
Figure 1). This can either be a surface water level or trench bottom or
drainage depth;
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<gg>

U

qv

Long year average groundwater recharge (mm/year). This parameter is
used to calculate the effective soil moisture &y of each layer of the
percolation zone (Equation 15; used in Equations (14) and (16)).
Wesseling (1991) gives typical values for various combinations of soil
type and land use in the Netherlands (e.g. grassland on loamy medium
sand: 261 mm/year). In case the bypass parameters for all layers are set to
1 this parameter is of no consequence;

drainage resistance (days) of surface water system (see Figure 1). Typical
values range between 30 and 500 days;

specific yield (effective porosity) (-) (See Figure 1). Typical values range
between 0.15 and 0.25;

seepage/infiltration: bottom flux from/to deeper groundwater (mm/d) (see
Figure 1). Typical values range between —1.0 (infiltration) and 3.0 mm/d
(seepage or exfiltration);

noise parameters (see Equation 3)

¢ auto-regressive parameter of the noise model (between O and 1); Typical
values range between 0.5 and 0.99;

o variance of the white noise process ¢, (cm?). Typical values range between 5

and 50 cm’;

Nederlands:

Input variables

P(k) Gemiddelde neerslag min interceptie (mm/d) tussen tijdstappen
(k-1Dandk. Deze kan berekend worden uit de gemeten neerslag via
Vergelijking (7). Als rekening gehouden moet worden met interceptie dan
moet de evaluatie van Vergelijking (7) buiten EMERALD plaatsvinden
P(k) in de invoerfile van EMERALD worden gezet. Tabel 1 geeft
interceptiefracties voor verschillende landgebruiksvormen;

E(k) gemiddelde Makkink referentieverdamping tussen k and &-1. Hieruit wordt

door EMERALD de werkelijke verdamping berekend via Vergelijking (8);

Bodem- en landgebruiksparameters
Voor de bovengrond (wortelzone)} en voor elke ondergrondlaag (percolatiezone):

Code code van de textuurklasse (bouwsteen) van de Staringreeks in
“staring.dat” (codes worden uitgelegd in Wosten et al, 1994).
Voor elke code wordt uit staring.dat een set Van Genuchten
parameters ingelezen waarmee de hydraulische eigenschappen van
de bodemlagen kunnen worden gekarakteriseerd (bijv. in
Vergelijkingen (9) and (15)). Staring.dat kan ook worden
aangepast door er eigen codes en bijbehorende Van Genuchten
parameters aan toe te voegen (bijv. individuele monsters);

Dikte laagdikte (cm);

fo bypass fractie (tussen O and 1). Deze geeft per laag de fractie van
het percolatiewater dat preferent stroomt (bijv. langs scheuren en
wortels). Dit water wordt zonder vertraging en demping binnen
dezelfde tijdstap toegevoegd aan de onderliggende laag. Voor
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hfc

hp

hup

grondwaterstanden ondieper dan 150 ¢cm - maaiveld wordt
aangeraden om voor alle lagen een bypass fractie van 1 te
hanteren;
gewasfactor [-] (zie Vergelijking 8). Tabel 1 geeft gewasfactoren voor
verschillende landgebruikstypes
drukhoogte bij veldcapaciteit (cm) (zie Vergelijking 5). Kan zowel als een
negatieve waarde (drukhoogte) als positieve waarde (zuigspanning)
worden opgegeven. Een typische waarde is 100 cm;
Punt van verminderde verdamping: drukhoogte waarbij de actuele
verdamping minder wordt dan de potentiéle verdamping. Kan zowel als
een negatieve waarde (drukhoogte) als positieve waarde (zuigspanning)
worden opgegeven. Een typische waarde is 500 cm,;
Verwelkingspunt: drukhoogte waarbij de verdamping gelijk aan 0 wordt.
Kan zowel als een negatieve waarde (drukhoogte) als positieve waarde
(zuigspanning) worden opgegeven. Een typische waarde is 8000 cm;

Hydrologische parameters

hs

<gg>

H

qv

drainageniveau (cm referentieniveau) (bijv. —150) (zie Figuur 1). Dit kan
zowel een oppervlaktewaterstand of peil zijn als de bodemhoogte van een
drain of een greppel;

Langjarig gerniddglde grondwateraanvulling (mm/jaar). Deze parameter is
nodig om het effectieve watergehalte B¢ van de lagen van de
percolatiezone te bepalen (Vergelijking (15); gebruikt om de pulsrespons
in Vergelijkingen (16) en (17) te bepalen). Wesseling (1991) geeft
typische waarden van deze parameter voor Nederlandse omstandigheden
voor verschillende combinaties van bodem en landgebruik (bijv. grasland
op lemig matig zand: 261 mm/jaar). Als de bypass parameter van alle
bodemlagen gelijk is aan 1, dan doet deze parameter niet ter zake;
drainageweerstand (dagen) van het (zie Figuur 1). Waarden variéren
meestal tussen de 30 en 500 dagen;

effectieve porositeit grondwaterzone (specific yield in Engels) (-) (zie
Figuur 1). ). Waarden variéren meestal tussen 0.15 en 0.25;
kwel/infiltratie: flux van/naar dieper grondwater (mm/d) (zie Figuur 1).
Waarden van deze parameter variéren meestal tussen —1.0 (infiltratie) en
3.0 (kwel) mm/d;

ruisparameters (zie Vergelijking 3)
¢ autoregressieve parameter van het ruismodel (kan tussen O en 1 liggen, maar

ligt meestal tussen 0.9 en 0.99);
&2 variantie witte ruis proces £, (cm’). Waarden variéren meestal tussen 5 en 50
2

cm’;

150
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Table 1. Crop factors and interception fractions for various crops and land use (sources in

Jootnotes)

Crop/landuse F, F
Grassland 0.96' 0.00
Potatoes 1.03 0.00
Beets 0.98' 0.00
Grain 0.95' 0.00
Maize 0.92' 0.00
Other crops 0.88" 0.00
Fallow 0.70° 0.00
Deciduous wood 1.00° 0.20°
Coniferous wood 0.80° 0.40°
Tree nurseries 1.00° 0.20°
Other trees 0.90° 0.30°
Heath 0.70° 0.00
Wetland vegetation 1.04* 0.00
Dryland vegetation 0.70° 0.00
Other vegetation 0.87° 0.00
Orchard (soil not covered) 0.91° 0.06’
Orchard (grass strips) 0.97° 0.06
Sports field 0.96" 0.00
Public garden _ 0.97° 0.06°
Horticulture under glass 1.30* 1.00
Horticulture not under glass 0.88" 0.00

[

Crop factor of average growing season according to Feddes, R.A., 1997. Crop factors in reiation to
Makkink reference-crop evapo-transpiration. In: Verslagen en Mededelingen 39, pp. 3345, CHO-TNO,
The Hague.

Jansen, P.C., 1986. De potentitle verdamping van (half-)natwurlijke vegetaties, ICW nota 1703,
Wageningen (in Dutch).

Moors, E.J., AJ. Dolman, W, Bouten en AW.L. Veen, 1996. De verdamping van bossen H.O 19(16),
462-466 (in Dutch). Furthermore, the parameters for “tree nurseries” have been taken the same as for
deciduous wood, and those for “other wood” as the average of deciduous and coniferous wood.

Seasonal average of Molinia from Moors, E.J., JN.M. Swicker and G.D). van den Abeele, 1998. Evapo-
transpiration of cut over bog covered by Molinea Caerulea. Agricultural University, Department of
Environmental Sciences, report 73, Wageningen,

Average of wetland and dryland vegeration.

Assuming a tree coverage of 30% we calculate: .
Orchard (soil not covered): F, = 0.7x0.88 (other crops) + 0.3x1.0(deciduous trees) = 0.91

Orchard (grass strips): F, = 0.7x0.96 (grassland) + 0.3x1.0(deciduous trees) = 0.97

Assuming a tree coverage of 30% we also assume 30% of the interception of deciduous wood yielding an
interception factor of 0.3x0.20 = 0.06.

Taken the same as “grassland”.

Taken the same as “orchard (grass strips)”

All water is intercepted. The evapo-transpiration for horticulture under glass in the western part of the
Netherlands is about 700 mm/year, which is about 1.3 times the average reference evapo-transpiration for
that area {(personal communication Philip Hamaker). The excess water needed is obtained from the
intercepted precipitation water that is collected in tanks.

Taken the same as “other crops”.
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2.  Stochastic modelling: prediction, simulation and
calibration

There are two different ways of using a stochastic model: prediction and
stochastic simulation. In the following sections these two different ways are
further explored. The section thereafter explains how some of the parameters of
EMERALD can be estimated from time series of water table depth through
calibration. Finally, the last section recapitulates how the application of
EMERALD to a practical problem proceeds.

2.1 Prediction

Before we start with explaining prediction, we have to explain the nature of &
when it is described with stochastic models. It means that we are uncertain about
the exact variation of 2 with time. We do know that it is likely to be lower in the
summer time and higher during the winter, but there is still a lot of unknown
variation left. This variation is due to errors in our inputs, model parameters and
the fact that our model itself is only an approximation of reality. Therefore, we
vision that / is not described by a single function of time, but as a collection of
possible functions, each of which is equally probable of describing the real but
unknown variation of . Figure 4 illustrates this concept, showing four equally
possible functions (note that for convenience we have drawn them as continuous
functions)
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Figure 4 Equally probable realisations of the stochastic process hy

One particular function is called *a realisation” and the whole collection of
equally probable realisations, usually an infinite number of them, is called “the
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ensemble” and A is said to be “a stochastic process”. Now reality is assumed to be
on of these possible realisations, however which one exactly is unknown. We
would want our prediction to be such that the prediction error is minimal.
However, because we do not know which of the realisations is reality it is not
possible to evaluate the prediction error either. Instead, we are forced to look at
every time step at the difference between our prediction and the values of all

possible realisations. Suppose that ];k is the prediction andh’the value of

realisation number i, then we seek a prediction for which the following properties
hold:

1. The prediction error, i.e. the difference between our prediction and the
realisations, is on average equal to zero:

S i —r]=0 27)
=l
2. The average squared prediction error is minimal (as small as possible):

;ih—wrﬁmMWﬂ (28)

i=l]

It turns out that we achieve this if we take as prediction at every time the average
of all realisations:

h, = Elh 1= h' 29
i=1

The average of all possible realisations is called *“‘the expectation” or “expected
value” of the stochastic process h; and is usually denoted with the operator E[]. If
a prediction is such that it has properties (27) and (28), it is said to be “unbiased”
(Equation (27)) and “optimal in least squared sense” (Equation (28). If we
describe the stochastic process h; with Equations (1)-(3) the expected value is the
deterministic part of these models:

b, =c+ah_, ~0)+b,q,(0) +byq, (k=) (30)
Figure 5 shows the realisations with the optimal prediction. Also shown is the

95%-prediction interval which gives for every time step the boundaries that
contain 95% of the realisations. Because the noise £, has a Gaussian (normal)

distribution, the 95% prediction interval can be calculated from the standard
deviation of the prediction error o.(¢) as follows:

|5, +1.965, |
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with

(31)

For the model (1)-(3) the variance of the prediction error ¢ is equal to the

variance of the noise process n; (O‘f ) and can be calculated as (Bierkens et al.,
1999):

ol =0, =—= (32)

h(t)

Figure 5 Prediction with the deterministic model (solid line) and boundaries of the 95%
prediction interval {dashed lines); grey lines are a number of realisations.

2.2  Stochastic simulation

Prediction of water table depth is important if we are interested in the actual, but
non-observed water table depth. However, in many appllcatxons we are not
particularly interested in the actual water table depth, but in some fluctuation
quantities. For instance, we may be interested in the probability that at any day in
the near future the level of 30 cm is exceeded, or we want to know the mean
highest water table depth (MHW) or mean lowest water table depth (MLW) (Van
de Sluijs and De Gruijter, 1985). These fluctuation quantities cannot be estimated
from the predicted water table depth, because the predicted line typically
overestimates the low values and underestimates the high values (see Figures).
The reason for this is that it tries to minimise the squared prediction error
{Equation 31). In this case we should do the following (See Figure 6):
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1. simulate a large number (at least 100) realisations of the stochastic process #;
using model (1-3) where theg, are simulated by drawing from a Gaussian

distribution with mean zero and variance of ;

2. or each simulated realisation the appropriate fluctuation quantities are

estimated. For 100 realisations this yields also 100 values of this property, e.g.
- 100 MHWSs and 100 MLWs;

3. the cumulative frequency estimated from the replicas of the fluctuation
quantity (e.g. the 100 MHWS and MLWs) represents an estimate of the
probability distribution of the fluctuation quantity. This probability
distribution expresses the uncertainty about the true value of the fluctuation
quantity, uncertainty that arises from our model’s inability to predict the
unknown water table depth exactly. Usually the average of the replicas is used
as an estimate of the true but unknown fluctuation quantity, and as a measure
of uncertainty the 95% confidence interval is calculated.

A
o ,’A;x,/,f\ ..... MHW,
4
e . 27N vmw, | Pr(MHW < 2)
AN AR, /; !
w===  MHW,
5 /’z \ [RAY / l_, - 3 }
-~ IR N MHW,
T, 4 -y /,/ '''''' - : 0
., ~. "--d‘f_,‘/
TV LY N Z
“— -
RN /// ,\“”' MHW 5
\ v & Ay
\__).\ \/r
t

Figure 6 Example of simulating 100 realisations of water table depth and estimating the
probability distribution of MHW from ir.

2.3 Calibration

Most parameters can be obtained from the combinations of soil profile
descriptions and land use classification in combination with standard values from
the literature (e.g. Table 1 and Wdsten et al., 1994). However, the hydrological

parameters {¥,/.q,}and the noise parameters{p,o;}are difficult to estimate

directly from physical knowledge and must generally be obtained from
calibration. To obtain unbiased estimates of the parameters of a stochastic model
like equation (1)-(3), they should be estimated simultaneously, e.g. using a state
estimator such as the Kalman filter (see Te Stroet, 1995). Unfortunately, a
Kalman filter as used in SSD (Bierkens, 1998) or KALMAX/KALTFN (Bierkens
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et al., 1999) has not been implemented yet for EMERALD. Therefore, we use a
two step procedure that, in theory, may lead to unbiased estimates.

Step 1: calibration of the deterministic model (Equation (2))

The parameters {, i, g, } that are part of the deterministic model (2) are found by
running the deterministic model (2) only (prediction) and minimising the
following criterion with respect to {¥,4.q,} using L observations y;, j=1,...L. of
water table depth:

L o)
1Ly g =YK @mg)-y,] (33)
=

where 4,(y,4.q,)is the prediction with the deterministic model with parameters

{7.4.q,} at time step j where observation y; has been taken. Minimisation of (33)

is done with a minimisation algorithm. In EMERALD the “downhill simplex
method” is used (Press et al., 1986).

Step 2: calibration of the stochastic model (Equation (3))

With the estimated parameters {7,4,4, }obtained from step | the parameters

{0, of } are estimated using the following steps:
1. calculate the L residuais from the L observations:

e, =h(PMa) -y,  j=l..L (34)

2. calculate the auto-covariance function of the residuals. Assuming that
observation intervals are more or less equidistant, this auto-covariance
function is estimated as:

- 1 L-k
C(k) =m26je ik k=0l,...k

j=

(35)

max

where kmay is the maximum lag calculated. From Equations (31), (32) and (35)
it can be seen thatC(0) =0’ =0 ;

3. fit the theoretical auto-covariance function of the noise model (3) given by
(Chatfield, 1989; p. 36):

ol
Clk) = —Er gl k=01,......
(k) 1_¢2¢ 0.1, (36)

to the experimental auto-covariance (35) by minimising the following
weighted least squares criterion:
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b A 5
k10,62 = Sowb|C@9.57:0) - E @) 37)
k=0

where the weights w(k) are proportional to the number of data used in (35) to
obtain estimate C(k). Minimisation of (37) is obtained with the downhill-
simplex method (Press et al., 1986). In VIDENTE the default value of kpax =9
is used.
Clearly, there is an inconsistency in these steps. In step 1 a criterion is used
(Equation 33) that assumed that the residuals e; are independent, whereas in step 2
a covariance function is fitted that entails that the ¢; are dependent in time. This
inconsistency is the cause of the bias in the parameter estimates. Criterion (33)
yields biased estimates of {y,u,q,}if the ¢; are dependent in time. These biased

estimates are then used in step (2), yielding biased estimates of {¢,07 ) also. How

serious this bias is depends on the length of the series of observations. If the time
span over which observations have been taken is long compared to the effective
correlation length, bias will be small. The effective correlation length, i.e. the time
span over which the e, are correlated (in days), is given by (Bierkens et al., 1999):

9*: _= 3At
In(@)

(38)

The cormrect way to estimate the parameters is to estimate {y,u,q }with
generalised least squares assuming dependent ¢; (as opposed to ordinary least
squares used in Equation (33)). However, for this we would need the parameters
{¢,6 } which are also unknown. Therefore some iterative scheme must be used

where a generalised least square estimate of {y,4,q,}is used in step 1 that is

alternated with improved estimates of {¢,o}as in step 2. The Kalman filter

algorithm and a filter criterion according to Schweppe (1979) as used in Bierkens
et al. (1999) also provides such unbiased estimates.

24  Systematic application of EMERALD: step by step

In the following example we assume that we have a location for which
precipitation and reference evapo-transpiration are known for the years 1970-1999
and we have observations of water table depth available with an observation
frequency of two times a month for the years 1993-1999. Application of
EMERALD has two goals. First, we want to estimate fluctuation properties
(MHW, MLW etc.) at the location. Second, we aim to monitor the water table
depth on a daily basis in the future, while maintaining an observation frequency of
two times a month. The following steps are taken:
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2.4.1 Calibration

The parameters {7, #.q, .9, } are estimated through calibrating the model to the

observations from 1995-1999 (section 2.3). EMERALD calibrates the parameters
of the deterministic and the stochastic model consecutively, where it possible to
fix each of the parameters, if necessary. The result of the calibration with
EMERALD is a file with calibrated parameters and the mean error (ME), root
mean squared error (RMSE) and mean absolute error (MAE) of Kalman filter time
updates:

ME:%i(ﬁf ‘yf) (39)
=
RMSE = %i(ﬁj -y,f (40)
k=1
MAE=1S i, -y | @1)

=t

Furthermore, if asked for in the EMERALD parameter file (standard in
VIDENTE), the output file contains for the calibration period the predictions of
water table depth (cm surface) and the following components of the water
balance: P(k) (mm/d), Ex(k) (mmvd), E (k) (mm/d) E (k) (mm/d) Vi (mm), gp(k)
(mm/d), gg(k) (mm/d), g.(k) (mm/d) and gu(k) (mm/d) (all for the optimised
parameter set {7,4.4,}). For the observation times, the observations of water
table depth y; and the residuals y;-h; are also given. With the calibrated
parameters {¢,82}the prediction variance can be estimated with Equation (32).
Finally, the file contains the theoretical auto-covariance function calculated with
{45, 67} as fitted to the experimental one. Figure 7 shows the prediction with the

calibrated Equation (2) together with the observations. Also shown are residuals
with the theoretical prediction interval (Equation 32). Figure 8 shows the
theoretical and experimental auto-covariance function as obtained with the

estimated parameters {¢,6°}.
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Figure 8 Example output from calibrating EMERALD: fitted auto-covariance (solid line) and
experimental auto-covariance (diamonds).

2.4.2 Prediction

When calibrating with the stand alone version of EMERALD, one should indicate
explicitly whether prediction has to be performed for the calibration period. In
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VIDENTE this is standard. It is advisable to always predict the actual water table
depth for the calibration period also, because it enables you to plot a figure like
Figure 7. This way you can see whether the calibrated model captures the
dynamics satisfactorily. Of course, prediction is mostly used to obtain the water
table depth and the terms of the water balance for periods without observations
(we must of course have precipitation and potential evapo-transpiration for this
period) . The output is the same as described under 2.4.1. If in the prediction
period observations have been taken, EMERALD will use these to calculate
statistics (39) to (41). Also, these observations and the residuals are put in the
output file together with the predicted water table depths. This way a figure like
Figure 7 can be made and the calibrated model be validated for a different period
than the calibration period.

2.4.3  Simulation

Using the calibrated parameters from the calibration step EMERALD can be used
to simulate realisations of A;. It is not possible to simulate realisations of the other
water balance terms in EMERALD as implemented in VIDENTE. Using a
different stochastic model than described in Equations (1)-(3), it is possible to
simulate such realisations with the stand alone version of EMERALD. We refer to
Walvoort and Bierkens (1999) for this option.

In case fluctuation quantities have to be estimated, multiple realisations must be
simulated. The output consists of a file containing the realisations of k. This file
can be used as input for the program STATSIM in order to calculate the
fluctuation properties. In our example we would typically simulate realisations of
30 years long, i.e. using precipitation and potential evapo-transpiration from
1970-1999, in order to obtain fluctuation quantities that are representative for the
current climate, and not only for the weather conditions of the observation period
1995-1999 (see Knotters and Van Walsum, 1997).

2.4.4 Estimating fluctuation quantities

Using the program STATSIM fluctuation quantities can be calculated from the
simulated realisations. The output consists of the following: ’

A file with statistics

An example of this output is shown hereafter in Figure 9. The mean highest water
table, the mean Jowest water table and the mean spring water table are given
(expected values, median values and 5 and 95 percentiles). Here quantities are
calculated per realisation. So, the uncertainty here reflects only model uncertainty.
The univariate statistics are statistics over all simulated water table depths, which
means that they reflect both the within year variation and the year to year
variation of the weather as well as the model uncertainty (variation between
realisations).
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mean -106.425819
variance 360.064484
gtdev. 18.975365
3rd moment -539.635771
P01 -148.944107

P05 -138.432495

P10 ~-132.007401

P25 ~-1192.718979

P50 -105.809341

P75 -92.923340

Po0 -B2.159462

P95 -75.837044

P99 -65.24756¢

mean 5% 50% 95% std

GLG(t} -135.358978 -138.189285 -135.264694 -132.976761 1.565008
GHG (t) -7B.744606 -81.293327 -78.789520 -76.163002 1,535068
GLG(=z) -135,058350 -138.189285% -134.869598 -132.487930 1.60808%
GHG (w) -79.471909 -82.413284 -79.41458% -76.815151 1.60231¢
GVG(t) -99.525368 -103.282478 -9%.257187 -96.835274 2,082639

Figure 9 File with fluctuation statistics as output of STATSIM; GHG: mean highest water
table; GLG: mean lowest water table; GVG: mean spring water table; between brackets:
denoting whether the statistic is determined for the whole year (1), the summer period (s) or
the winter period (w).

A file with the frequency of exceeding graph (FOE-graph)

The FOE-graph gives for every level the number of days that the water table depth
on any future day of any future year (at the same climate and hydrological regime
as in the calibration period) exceeds that level. It is in fact the cumulative
frequency distribution, reflecting both the within year variation and the year to
year variation of the weather as well as the model uncertainty. Figure 10 shows a
FOE-graph.

162
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Figure 10 Frequency of exceeding graph

A file with the regime graph
. The regime graph gives for every day number in a future year the expected water

table depth, the median and the 5 and 95-percentiles. The variation per day
number therefore reflects both year to year variation (i.e. our uncertainty about the
future weather) as well as model uncertainty. Figure 11 gives an example of a
regime graph.
0
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water table depth (em surface)

-140

-160

-180
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Figure 11 Regime graph; black solid line: mean; black dashed lines: 5- and 95-percentiles;
grey solid line: median.

A file with the histogram
Like the FOE-graph, the histogram reflects both the within year variation and the

year to year variation of the weather as well as the model uncertainty. From the
histogram we can read the expected number of days that the water table depth will
be within certain boundaries. Figure 12 gives an example histogram.
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Figure 12 Example histogram

A file with the correlation function

The correlation function gives the correlation coefficient between day k and day
+1 (=1lag 1), day k and day k+ 2 (lag 2), day k and day & + 3 etc. The correlation
function reflects both the sesponse time of the groundwater system, as well as the
periodicity of the rainfall surplus. The longer it takes for the correlation function
to cross the x-axis, the slower the response time of the groundwater system.
However, because the periodicity of the rainfall surplus is also included, we
cannot read the characteristic response time from the correlation function. The
correlation function is the average of the correlation functions that are estimated
for the realisations. An example correlation function is given below (Figure 13).

oI\
WA
L1\ N\

o0 \ _/ \
S~ / )
N

-0.6

corralation

0 50 100 150 200 250 300 350 400 450 500
lag (days)

Figure 13 Example correlation function

The characteristic response time (in days) for the deterministic part of the
EMERALD (Equation 2) is given by (Bierkens et al., 1999):
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-3
‘" In(a)

(42)

As already given in Equation (38), the effective correlation length (time span over
which #n is correlated in days) of the noise process (3) is given by (Bierkens et al.,
1999):

_ —3A1
© In(p)

(43)

Of course many more fluctuation quantities could be estimated from the simulated
realisations; see for instance Bierkens (1998} and Knotters et al. (2000).

2.4.5 Online prediction and monitoring

Finally, using the calibrated model, EMERALD can be used for on line
prediction, where in between dates that observations of water table depth are
taken, optimal predictions of water table depth are obtained. EMERALD can also
~ be used as a monitoring instrument by running it on line and checking whether not
much more than 5% of the residuals fall outside the 95% error bounds (see Figure
7). If this is the case, a change in the hydrological system may have occurred. An
alternative way of monitoring such a change is to plot the observations together

with the prediction interval ﬁk +1.960, (with o,calculated with Equation (32)).

If the observations start to plot outside this interval, a significant change in the
hydrological system may have occurred.
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~ Annex: Input instructions for EMERALD

Following is the user’s manual of EMERALD of Walvoort and Bierkens (1999),
The stand alone version of EMERALD has some extra features that have not been
included in VIDENTE, mainly because they are rarely used. First, in VIDENTE
the ratio of the distance to the water course x and the distance between the water
courses L is always taken as Y. The stand alone version allows for other ratios.
Furthermore, the stand alone version allows for an additional noise model, called
“internal noise”, as opposed to the external noise model of Equations (1)-(3). In
this internal noise model, the colored noise process (Equation 3} is added to the
net input to the groundwater system resulting in the following equations:

h,=h +aCh,_,—h)+bgqg, (K)+b,q,(k—=D)+bn,+b,n,, {Al)
n,=¢n,_ +& (A2)

As can be seen, the properties of the error process hk - hk (i.e. its variance and
correlation in time) are not only dependent on the noise parameterg but also on
~ the (physical) parameters a, b, and b,. EMERALD provides two different ways of
calibrating the noise process. Because the noise is now an intricate part of the
system, i.e. it is seen as the error in the net input g,(k), stochastic simulation is
possible for all other water balance terms that depend on #;, and not only for the
water table depth as in VIDENTE. It is not implemented in VIDENTE, because
calibration of the internal noise case is rather cumbersome and therefore not much
used.

User’s manual EMERALD (version: July 1998)

Introduction

EMERALD is implemented on a personal computer. It is written in Borland's Turbo
Pascal (version 7.0) for MS-DOS (assumed screen resolution 600x800). A data flow
diagram (DFD) of EMERALD is given in Figure Al. In this diagram, processes are
denoted by circles, temporary files by two parallel horizontal lines, user accessible
files by boxes, and data flows by arrows.
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Figure Al Data flow diagram of EMERALD

EMERALD is driven by a script file, which takes a central position in the DFD. A
script file contains a high-level computer language, ie. the script, which
prescribes which actions to perform, which files to read, and where to store
results. At run-time, EMERALD reads the script, deciphers it by means of its built-
in script interpreter, and carries out the appointed tasks. Each line in the script file
consists of a script directive and associated parameters. In general, the syntax
reads:

DIRECTIVE <mandatory_parameter> [optional_parameter] <option_1 | option_2>

Throughout this manual, mandatory parameters are given in angular brackets and
optional parameters in square brackets. Furthermore, piping symbols, ie. |, are
used to separate two or more options. Only one of these options should be
selected. Annotations should be preceded by a "+" on the first position of each
commentary line in the script file. Parameters printed in italics and greek symbols
should be replaced by appropriate numeric values, parameters printed upright
should simply be copied. EMERALD’s script language is order invariant. This
means that the user can put the script directives in any order (s)he prefers.
However, if EMERALD encounters a directive more than once, only the first is
processed.
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Script directives
In this section the script directives are addressed in alphabetical order.

| BINARY |

output

syntax:
purpose;

example:
BYPASS

;

BINARY <* | [Ea] [Ep] [V] [ap] [qg] {qc] [gn] [h] [qd]>

Stores output in direct access files. In case of simulation, storage of all
realizations may take up a substantial amount of disk space. In order to suppress
this demand, EMERALD offers the opportunity to store the realizations in direct
access format. This can be effectuated by means of the BINARY-directive. Its
syntax is very similar to the QUTPUT-directive, except that no output file name(s)
can be specified. EMERALD uses default file names which consist of the
parameter name of interest plus extension ri4, e.g. Ea.rld, Ep.rl4, and V.rld. A
description of these binary files is given in a subsequent section.

BINARY h qd

model parameters

syntax:
purpose:

example:

CALIBRATION

1

BYPASS <fp, 1> [foz] - [fos)

Governs the amount of bypass flow through subsoil layers 1 to 9. f,; should be
expressed as a fraction of the incoming flux of subsoil layer .

BYPASS 0.5 0.2 0.1

action

syntax:
purpose:

example:

CROP

]

CALIBRATION < [D] [II] [TF] [EF] > [tolerance]

Specifies the calibration method(s) to perform. The deterministic component is
calibrated when D is encountered on the parameter line, the stochastic
component is calibrated when II, IF, andfor EF are encountered. These
abbreviations stand for Internal noise - Inverse model. Internal noise - Forward
model, and External noise - Forward model respectively. Optionally, the
tolerance of the termination criterium of the Downhill-Simplex method may be
specified (Press ef al., 1989).

When II, IF, and/or EF are supplied as parameters, EMERALD expects the
observations in the observation file to be separated by approximately equal time
steps (section 3.2). Furthermore, if Il is specified, EMERALD replaces missing
values by predictions obtained by linear interpolation.

CALIBRATION D IF EF le-6

model parameters

syntax:
purpose:

example:

CROP <f> <hp o> <hpip> <hp g™ <*z>

Supplies EMERALD with crop and soil specific parameters. The parameter line
should contain the following quantities:

5 = crop factor [-];

by = pressure head at field capacity (cm):

hyyp = pressure head at limiting point (cm);

howp = pressure head at wilting point (cm);

e = critical depth (cm);

* = critical depth according to Wasten et al., (1994) (cm).

EMERALD makes no distinction between positive and negative pressure heads.

CROP 1 -100 -300 -8000 *
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| DRAINAGE | model parameters
syntax: DRAINAGE <Zg> <x> <L>
purpose: Specifies the drainage parameters:
2= level of drainage base with respect to soil surface (cm);
x=lateral space coordinate (see Figure 2.1) [L];
L= distance between drainage courses (see Figure 2.1) [L].
See to it that x and L have corresponding units.
example: DRAINAGE -100 50 10¢
FIX action
syntax: FIX <[gamma] [mu] [qv] [phi] [sigma2]>
purpose: Keeps the parameters on the parameter line fixed to their inidal values during
calibration. The initial values should be specified by the GROUNDWATER and
NOISE directives.
exampile: FIX gamma phi
GROUNDWATER model parameters
syntax: GROUNDWATER <> <y> <qv> <*{Haup> <@g avg™
purpose: Provides the parameters of the saturated zone. The parameter line should
contain the following quantities:
M = specific yield [-];
r = drainage resistance (days);
q. = infiltration/seepage flux (mm/d),
have = average groundwater level (cm);
* = average groundwater level is based on observation file (cm);
Gsavp = average flux in percolation zone (mmy/y).
Groundwater levels should be given with respect to the soil surface.
example: GROUNDWATER (.2 200 0 * 250
INITIAL model parameters
syntax: INITIAL <Sp> <*|hg> <ga> <qno> <Np>
purpose: Gives the initial values of the following parameters:
So = initial saturation grade root zone [-];
ho = initial groundwater level with respect to the soil surface (cm);
* = hy equals the average groundwater level in the observation file
G0 {cm);
o = initial specific discharge (mm/d);
No = initial net input to the groundwater system (mmv/d);
= initial value of noise process V.
The following default values are used if this directive is omitted: S, field
capacity, ho: drainage base, gg. gno, and Ny are set to zero,
example: INITIAL 0.8 *Q 00
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LAGS action

syntax: LAGS <> {Pprime]

purpose; Specifies the number of lags involved in fitting the autocovariance function
(section 3.2). The optional parameter nyu, specifies the number of lags that
should be written to the output file. ny, should always be greater than or equal to
ng- If the LAGS - directive is omitted, ng, and ng;, are set to 10 by default, i.e,
lags 0 to 9 are used for fitting.

example: LAGS 1520

METEG | input

syntax: METEQ <file_name> [skip]

purpose: Specifies the name of the file containing time series of precipitation amounts and
evapotranspiration. Its file format is given in a subsequent section. The optional
parameter [skip] denotes the number of lines to skip in the meteo file (default:
skip=0).

example: METEO Eelde.met 1

NOISE | model parameters

- syntax: NOE <@><0) >

NOISE <@>< O] > <INTERNAL | EXTERNAL>

purpose: Specifies the parameters of the noise process. The first is sufficient 10 supply the
initial values in case of calibration, the latter is required in case of simulation. In
case of prediction, the variance of the prediction errors of s and/or ¢4 are given if
the noise type is set to INTERNAL.

example: NOISE .25 0.01 INTERNAL

[OBSERVATIONS | input

syntax: OBSERVATIONS <dayl> <yearl> <day2> <year2> <file_name> [skip)

purpose: Specifies which part of observation file <file_name> should be processed. The
period of interest starts at <dayl> of <yeari> and ends at <day2> of <year2>.
[skip] refers to the number of lines to skip in <file_name>, and is O by default.

example: OBSERVATIONS 1 1982 365 1991 12BLOC1S5.dat |
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I OUTPUT |

oufput

syntax:

purpose:

example:

PREDICTION

[PrepicTION ]

OUTPUT <file_name>

OUTPUT <file_name> <* | [P] [Ea] [Er] [Ep] [V] [qp] [qg] [g¢] [qn] [h] [qd]>

Creates output file <file_name> which gives a summary of input parameters,
and a detailed description of model output. In case of prediction or simulation,
the requested output should be enumerated after <file_name>. The mnemonics
on the parameter line correspond to those used in the report. If the symbol * is
used, all parameters on the parameter line are written to <file_name>. In case of
calibration, it is sufficient to supply <file_name>.

OUTPUT Emerald.out h qd

action

syntax:
Purpose:

Example:

| PRERUN I

PREDICTION <dayl> <yearl> <day2> <year2>

Performs prediction. The parameter line specifies the start and end of the
prediction period, i.e. <dayf> of <year!> and <day2> of <year2> respectively.
If the script contains the OBSERVATION-directive, validation andfor verification
measures are computed for the time span that is part of both the prediction
period and the observation period.

PREDICTION 1 1982 365 1991

action

syntax:
Purpose:

Example;

SIMULATION

PRERUN <* | #years>

Specifies the length of the prerun or warming up period. A prerun of <#years>
years is required to eliminate the effect of the initial values. The prerun period
starts at the first day in the meteo file if <*> is encountered on the parameter
line.

PRERUN 2.5

action

syntax:
Purpose:

Example:

174

SIMULATION <dayl> <yeari> <day2> <year2> <#runs> <#runs_our> <seed>

Performs simulation. The parameter line specifies the start and end of the
simulation period, i.e. <dayl> of <yearl> and <day2> of <year2> respectively,
the number of realizations to perform <#runs>, the number of reakzations to
write to the output file <#runs_out>, and the random seed <seed> to initiate the
pseudo random number generator (gasdev/ranl of Press et al. (1989)),

SIMULATION 1 1982 365 1991 1000 1 12534
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SOIL

model parameters

syntax:
Purpose:

Example:

ITNﬂﬂHR |

SOIL <topsoil=thickness> <subsoill=thickness> ... [subsoil9=thickness] {cut_off}

Specifies the soil physical characteristics of the unsaturated zone. The parameter
line contains building blocks of the Staringreeks (Wosten et al., 1994), together
with their associated thicknesses (cm). A total of nine subsoil layers may be
specified. The root zone is represented by the topsoil layer, the percolation zone
by the subsoil layers. The amount of percolation not reaching the groundwater
system due to truncation of the pulse response function Uy(Ar1) is governed by
[cut_off]. This quantity should be expressed as a fraction of the total amount of
percolation. It significantly affects the amount of CPU-time required. Default
value: 1E-6.

SOIL B3=30 B3=20 03=100 le-5

general

syntax: TMPDIR <path>

Purpose: Designates the path to temporary files. Model performance may be significantly
improved if <path> denotes a RAM-drive.

Example: TMPDIR e:\tmp

Examples of script files for EMERALD

In Figures A2 and A3 examples of script files are given.

M T S A + + o+ o+ PR A4 bt + o+t

Calibration of the deterministm and stochastic
componente {internal noise, forward -model), |
followed by prediction (verifn.cat;on)

period = 1982-1986
well " ¢ 12BLODLS
location : Vr_ies,_ Ee_lde

CE R ARt
I O A SRR

A I I e L A

CALIBRATION D IF 1e 5

LAGS 20 20

PREDICTION 1 1982 365 1986
OBSERVATIONS 1 19582 365 1986 1ZBL0015 &at 5
METEC Relde.met 1

PRERUN 2

QUTPUT preda.ctlan out h

CROP 1 1860 500 8000 * ) :
S0IL B3=35 B3=20 O3=30 04295 le 6
GROURDWATER 0.2 1850 * 261
DRAINAGE -80:1 :2 -

IRITIAL: 1 * 0 0 O

BYPASS 1 1.1

NOISE 0 0.001 INTERNAL

Figure A2 Script to calibrate EMERALD  and verify the deterministic model part with

prediction
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file://e:/tmp

location : Vries, Eelde

L R L B T S S I R R R I I R S IR S N e
+ +
+ Calibration of the deterministic and stochastic +
+ components (internal noise, forward model), +
+ followed by simulation. +
+ +
+ period : 1982-1991 +
+ well : 12BL0O0O1S +
+ +
+ +
+ +

L R . T R T s A i N N S S

CALIBRATION D IF le-9
LAGS 20 20
SIMULATION 1 1982 365 1991 1000 2 12534
OEEERVATIONS 1 1982 365 1991 12BLO¢1S.dat 5
METEQ Eelde.met 1
PRERUN 2
QUTPUT Simulation.out h gd
BINARY h gd
CRGP 1 100 500 8000 *
S0IL B3=35 B3=20 03=30 04=95 le 6
. GROUNDWATER 0.2 165 0 * 261
DRATWAGE -80 1 2
INITIAL 12 *~ 0.0 .0
BYPASS 1 1 1
NOISE ¢ 0.001 INTERNAL

Figure A3 Script to calibrate EMERALD followed by stochastic simulation

Execution

The executable of EMERALD should be run in a MS-DOS environment. If your
operating system is WINDOWS 3.x/95/08/NT, EMERALD should be executed in a Ms-
DOSs-box. Execution starts after typing

EMERALD <script_file>

on the command-line, followed by pressing the ENTER/RETURN-key. The name of
the script file should satisfy the MS-DOS conventions, even when EMERALD is
installed on a WINDOWS-machine. File names may contain wildcarts in order to
start several script files on a row. For instance

EMERALD *.scr
processes all script files with extension ser in the active directory.

Input files

The data flow diagram of EMERALD discerns three (ASCI) input files. The first
contains meteorological data, the second observed groundwater levels, and the
third soil physical characteristics.

The meteo file consists of four columns, i.e. day number (1-365 or 366), year (4
digits), amount of precipitation (mm), and amount of evapotranspiration
according to Makkink (mm). An example of a meteo file is given in Figure A4.
Parameter skip equals 1, because one header line is present. Missing values are
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not allowed. Furthermore, the time step between successive lines should equal |
day.

day year P ET
1 18589 6.5 0.4
2 1958 9.0 0.3
3 1959 5.4 0.3
4 1958 7.7 0.3
5. 1959 7.7 0.3
6 1959 0.5 0.2
7 1959 2.9 0.1
8 1959 12.4 0.3
9 1959 2.7 0.2
10 1858 8.3 0.1

Figure A4 Example of a meteo file

The observation file consists of three columns, i.e. day number (1-365 or 366),
year (4 digits), and observed groundwater levels (cm). The entries of the third
column are defined with respect to the soil surface, and are decreasing in
downward direction. All alphanumeric characters (including blanks) are regarded
as missing values. An example of an observation file is given in Figure AS. It
- contains one header line, so parameter skip of the observation-directive should be
setto 1.

day year Y
14 1982 -36
28 1982 ~34
43 1982 -39
57 1982  -33
74 1982 -39
88 - 1s82: - ¢
04 1582 -64

ils 1582 -7
134 1982 -74
148 - 1982 . -90

Figure A5 Example of an observation file

The file containing soil physical properties is called "Staring.dat” (Figure A6).
This file contains the Van Genuchten parameters, the critical depth, and the
thickness of the capillary fringe for all soil building blocks of the "Staringfeeks"”
(Wosten er al., 1994). The user is allowed to add new building blocks, and edit
existing ones. However, see to it that the codes referring to the soil building
blocks consist of three characters at most.
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| STARTNGREEKS, WSsten et al., 1994 (Technical Document 18)

topeoils
code er 1] Ks o 1 n zZe dae
Bl 0.01 D.43 17.46 0.0249 -0.3140 1.507 924.0 19.2
B2 0.02 0.43 9.65 0.0227 -0.983 1.548 104.0 13.8
B3 0.01 . 0.43 . 17.81 . 0.01%2 ~0.213 1.412° 151.0 ig.3
B4 - 0,01 D.42 -54.8D 0.0163. "~ 0.177. .1.559 201.3 . 19.8.
B7 0.00 . 0.40 °14.67-°0.0194. -0,802. 1,250 ~B3.2 18.0
B8 0.00 0.43 - 2.25 0.009 ~2,733 1.284 102.3 15.1
BS 0.00 D.43 1.54 0.0065 -2.161 1,325 119.1 15.0
B10O 0.901 0.42 1,17 0.0118 ~-4.795 1.224 58.2 10.8
Bll 0.00 0.60 5.26 0.0243 -5.3%5 1.1131 28.0 10.5
B12 0.00 0.55 15.46- 0.0532 -8.B23 1.08) 24.5 10.2
Bl4 0.01 ' 0.42 6.80 -0.0051 0000 1.305 65.0 12.3
B1& - 0.00 --0.73  13.44 0.0134 - 0.534 '1.320 120.4 18.8
Bl7 - 0.00  0.72. 4,46 U0.0LB0- -0.3S50 "1.140 ~30.0 11,9
CCB18 0 0.00 0,77 6.67 0.0197 -1.84%5-.1.154°""43.5 4.0

" gubsoils - S ) e S . .
code.. 6r. .88 Kg - .. o1 ome ze dae
01 0 0001 - 0.36-.13.28 500224 000000 21067 87.0 19.5

02, p 0,020 9.38 15:56.0,0214.5.70: 038 002,075 96,0 19:65.

Q3T 0001 0,34 0 1B.30 0040211, -90,522 7 1.564 127.0 - 19.4

040,000,360 53,10 0.0216 7 20:520 - 1,540 189.0 19,8’
05.0 0,01 . 0,32  43.55 70,0597 0.343 . 2.059 .42.0:-19.4
O6- 0 0,00 T0.41- - 5.48 0.0291° <6.864 -1.152° 61.6  1x.4-
.08.. 0,00 0.47 - 9.0B 0.0136 -0.B03 1.342 128.3 @ 18.5
08 0.00  0.46  2.23 -0.00%4 ~1.382 1.400 107.0 16.3
010. 0.00; . 0.49 2,22 0.0107. «2.123 1.280 ' 79.1 .- 14.7
O1l. '0.00°: '0.42 13,79 0.0191 ©-1.38411.152 ' 66.5 - 16.3
~012- 0,00 . 0.56 . 1.14° 0.0095. -4,171 1,159 33.1 8.9
G13 °.0.00  0.57 3.32 0.0171 -4.645 1.110 25,1 9.6
014 - 0.00 - 0.38 0.36 0.0025  0.057 1.686 140.0 12.2
€15 .01 0.41 3.70 0.0071 0.912 1.298 109%.2 1i7.1
016 0.00 ©0.89 1.07 0.0103  -1.411 1.376 58,1 13.2
017 0.00 0.86 2.7% 0.0127° -1.832 1,274 7iL.¢  15.¢

‘user. defined soils.. | s . S SR
code - -8r . 08 Ks o a ST i mn T ome o dae:
DBl 0001 . 0.43.017.46.°0.0249 L =00180 " 1.507 194000 19.2 .

Wl 0.01° “9.36 13721 0.0224 .0 0.000:°2.167 .. .87.0, 19.5

Figure A6 Example of "Staring.dat”

Output files

EMERALD always generates an ASCH output file. It contains a summary of input
data, and the results of executed calibration, prediction and/or simulation routines.
In case of simulation, the results can also be stored in binary (direct-access)
format by using the BINARY-directive. The contents of each record is given in
table Al.

Table Al Contents of binary (direct-access) files. Each record contains 4 bytes of
information.

record contents

0 first year of the simulation period

| final year of the simulation period

2 number of runs

3-eof realizations, where the year-loop is embedded in the run-loop
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Disclaimer

This program is distributed in the hope that it will be useful, but WITHOUT ANY
WARRANTY. No author or distributor accepts responsibility to anyone for the
consequences of using it or for whether it serves any particular purpose or work at
all, unless he says so in writing. Altering or redistribution of the software should
be done while giving proper reference and in accordance with the terms and
conditions mentioned in the GENERAL TERMS AND CONDITIONS AS TO
THE MAKING AVAILABLE OF COMPUTER SOFTWARE issued by Alterra
(see Word document on the CD),
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Part 5: Input instructions for STATSIM

The program STATSIM can be used as a postprocessor after simulations with
KALMAX, KALTFN, SSD and EMERALD. In case of EMERALD, the binary
file made by the Pascal program EMERALD has to be converted to an
unformatted Fortran file. To achieve this, two auxiliary programs are necessary:
the program PAS2ASC to get from EMERALD binary output to an ascii file, and
the program ASC2FOR to get from this ascii file to Fortran unformatted input for
STATSIM. Both programs are also present in the STATSIM directory on the CD.
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Header of the program STATSIM with input instructions

St ettt e e e Rt st R R R TR T R T R 1
cC

¢ Copyright (C) 2000, Alterra, Green World Research

c

C This program is distributed in the hope that it will be useful,

¢ but WITHOUT ANY WARRANTY. No author or distributor accepts

C responsibility to anyone for the consequences of using it or for

C whether it serves any particular purpose or woxk at all, unless he
C says so in writing. Altering or redistribution of the software should be
done while giving proper reference and in accordance with the

terms and conditions mentioned in the GENERAL TERMS AND CONDITIONS
AS TO THE MAKING AVAILABLE OF COMPUTER SOFTWARE issued by Alterra
(see Word document on the CD).

C
lolelelelolololelololololelololololoalolol ulolo] sletolslol olololnlelolalntol olul ol wlol alolslulolnlolololslolalelolslolels]ulelulalal el ulel sofololnls] ol ele]
¢ Program: STATSIM - calculation of STATistics from simulated data

c Goal: From NSIM realisations of simulated data with:

< KATMAX
KALTFN
SSDSIM
EMERALD {after converting emerald output via PAS2ASC en ASC2FOR to
a file readable by STATSIM)
Note: Only whole years can be simulated with these programs if STATSIM is
to be used. :
The program estimates: 1) univariate statistics, including MHW/MLW
2) histogram; 3) freguency of exceedence, 4) regime graph,
5) auto-correlation function

nnooaraoanNnan

c
¢ Author: M.F.P. Bierkens

c Date: April 1998; last modified August 2000

[olelelelolalalalelolelale] alelalalatalelatelalalel aluTolalslalals e alel el nletul ol slulo] olofol sl alel lalalalelel clalal mlel slaTalslal slalslal nlol nlolel ol o]

C
oA AR AR RS L AR AR AR AR R R R RS S sS222 2 iRttt 2R R 2 bR R X

c input: - file (unformatted) with simulated data starting at januari 1
c record 1: yearl, nsim, nyears

c - yearl: first year of simulation

c - nsim: number of realisations

¢ - nyears: numbey of years in simulation

c do k = 1,nsim

c do i = 1,nsteps

c record 1 + {(k-1)*nsim + i: gwl - simulated water table
c depth {or in case of SSD
c soil saturation or

c drainage discharge)”
= enddo

c enddo

C note: nsteps = int(simtim/dstep}

c

¢ output:

c - file with statistics and ghg/glg

c - file with histogram data (can be used to estimate histogram)
c ~ file with foe-curve

c - file with regimecurve

c - file with correlation function

R R e I L L R g R TS |
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