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Samenvatting

Het verband tussen de slibconcentratie en het getij in een waterkolom in
een estuarium, kan beschreven worden aan de hand van een vereenvoudigd
massabalansmodel. Dit model bevat enkele onbekende parameters die geschat
kunnen worden met behulp van het extended Kalmanfilter.

Bij het uitvoeren van deze schattingen voor de situatie bij Bath, in
de Westerschelde, blijkt dat kennis van de systeemruis-covariantiematrix
noadzakelijk is om tot goede schattingen te komen. Deze systeemruis-
covariantiematrix kan op verschillende manieren worden geidentificeerd.

In dit rapport wordt een identificatie van deze matrix met behulp van de
methode van Mehra, die gebruik maakt van de autocorrelatiefunctie van het
innovatie proces, vergeleken met een identificatie met behulp van de Maxi-
mum Likelihood methode. Het blijkt dat deze twee methoden ongeveer
dezelfde resultaten geven, mits er met een toelaatbare beginvoorwaarde
wordt gestart, maar dat de methode van Mehra minder rekentijd vergt.

Na bepaling van de systeemruis covariantiematrix met een combinatie
van de twee genoemde methoden, worden de uiteindelijke schattingen verkre-
gen van de onbekende parameters van het massabalans model. Deze schat-
tingen zien er redelijk uit, maar leveren, middels het model, nog geen per-
fecte beschrijving van de slibconcentraties.

Aanbevolen wordt om het model uit te breiden met een verticale diffusie-
coéfliciént, waardoor het model meer zal overeenkomen met de werkelijkheid.



Abstract

In an estuary, tidal effects on the concentration of cohesive sediment in a
column of water, may be described by a simple conservation of maess equa-
tion., The unknown parameters of this equation may be estimated by the
method of extended Kalman filtering,

After estimating these parameters for the situation near Bath, in the
Western Scheldt, it appeared that knowledge of the system noise covariance
matrix is necessary to obtain satisfactory estimations. There are several
ways to identify this system noise covariance matrix.

We compare a method suggested by Mehra, which makes use of the auto-
correlation function of the innovation process, with the Maximum Likelihood
method, to identify this matrix, It appears that these two methods give the
same results, provided that both are started with an allowable initial value,
but the Maximum Likelihood method requires more computer time than the
method of Mehra.

After using both methods to identify the system noise covariance matrix,
final estimates of the unknown parameters in the conservation of mass equa-
tion were obtained. Though these estimates seem to be reasonable, they do
not result in a perfect description of the cohesive sediment concentration by
the model.

The suggestion is to extend the model with & vertical diffusion coefficient,
which may result in a more reliable model.
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Chapter 1

Introduction

During the last twenty years several measurements were carried out in the
Dutch Western Scheldt to gather information about the behaviour of cohe-
sive sediment. There are at least three reasons why we want to know more
about this behaviour.

One reason is the fact that cohesive sediment is a carrier of polluting
substances. Therefore understanding the distribution and transport mecha-
nisms of this suspended matter will cause insight into the rate of pollution,
Another reason why we want to know more about the behaviour of the
cohesive sediment, is that we want to know more about the effects on the
cohesive sediment concentration of the dredging and dumping activities,
which are necessary to keep the navigation channels and the harbours open.
These dredging activities are needed, because the Western Scheldt is an
important international shipping route. The third reason is the fact that we
want to know more about the influence of the discharge of the Scheldt river
on the cohesive sediment concentration in the Western Scheldt.

In this investigation we will construct a mathematical model which de-
scribes the influence of the tide on the cohesive sediment concentration at
a certain location in the Western Scheldt. We start with the desecription
of the problem in chapter 2. In chapter 3 we state the model we want to
identify. The unknown parameters of this model will be estimated by the
method of extended Kalman filtering. This method is described in chapter 4
and the results of the estimation procedure are given in chapter 5. Because
we are not satisfied about these results, we shall examine some extensions
of the model in chapter 6. The Kalman filter method does not work well.
We want to improve this method by identifying the system noise covariance
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matrix. On behalf of this, we compare two methods to identify this matrix
in chapter 7; the Maximum Likelihood method and a method suggested by
Mehra. In chapter 8 we use both methods to identify the system noise
covariance matrix. We use the obtained adapted Kalman filter to estimate
the four unknown parameters of the model of the cohesive sediment concen-
tration. Finally, in chapter 9, we state the conclusions and give suggestions
to improve the used model.



Chapter 2

Formulation of the problem

2.1 Introduction

We want to construct a model, which describes the tidal effects on the co-
hesive sediment concentration in the Western Scheldt. In this chapter, we
will explain what we need this model for, and we will discuss the available
data we used to construct the model. Finally, we will look at some tidal
effects on the cohesive sediment concentration near Bath in the Western
Scheldt. Knowing more about these tidal effects and the behaviour of cohe-
sive sediment, we are able to formulate a mathematical model in the next
chapters,

2.2 Trend analysis

Sediment consists of little particles. We distinguish for instance cohesive
sediment particles (< 53um) and sand particles (= 200um). In this inves-
tigation we will concentrate on cohesive sediment particles. These particles
may be suspended easily, because their grain size is very small and their
conductivity is high.

We want to construct a model, which describes the tidal effects on the
cohesive sediment concentration. Using the constructed model, we may elimn-
inate these tidal effects from a set of cohesive sediment concentration data
of for instance twenty years, When we also eliminate the seasonal effects on
this data set, the obtained set may show a certain trend of the concentration
of cohesive sediment over these twenty years. With the knowledge of this
trend and, for instance, the knowledge of the discharge of the Scheldt river,
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we are able to determine the influence of the discharge of the Scheldt river on
the sediment concentration in the Western Scheldt, We may also examine
whether or not, the dredging and dumping activities have any influence on
the cohesive sediment concentration, using both the knowledge of a trend
of the cohesive sediment concentration and the knowledge of these dredging
and dumping activities.

In this investigation we will concentrate on the tidal effects on the co-
hesive sediment concentration. We do not concentrate on other influences
as, for instance: temperature, discharge of the Scheldt river, storm, wind,
waves, tide, turbulence, grade of chloride, etc. These influences are varying
in time and no correlation has been found between these influences and the
concentration of cohesive sediment in a column of water in an estuary* yet.
So we do not take these influences into consideration, to keep the problem
simple.

Remark: We mentioned here, that we may examine a global variation
over a period of about twenty years, but of course, we may consider many
other concentration variations as well,

- Variation over a tidal period.

- Variation over a period of a few days as a result of the wind activity.

- Variation within a month as a result of neap-tide and spring-tide.

- Variation within a year as a result of the variation in the seasons.

- Variation over a longer period, to notice the effects of for instance
dredging. (see Maiwald and Verhagen, 1991).

2.3 Available data

To construct a model which describes the tidal effects on the cohesive sed-
iment concentration, we need data of this concentration. During the last
twenty years, a lot of measurements were carried out in the Western Schelds
to gather information about this cohesive sediment concentration, One kind
of those measurements took place twice a month on several locations in the
Western Scheldt. These data may tell something about the global trend
during the last twenty years, but it is not possible to derive information
about trends over shorter periods from it. This requires more data over one
tidal period at settled locations. This is the reason why it was decided to

! An estuary is o body of water partially surrounded by land, with a connection 1o the
sea, where sweet water is mixing with salt water.
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take continuous measurernents during three winters on three locations in the
Western Scheldt. With these data we may obtain more information about
the influences of tide and of, for instance storms, on the cohesive sediment
concentration.

Figure 2.1: Some locations in the Dutch Weslern Scheldt

The continuous measurements were done with a measuring instrument called
"Zeekat”. This is a pontoon which may be anchored to the bottom. With
this pontoon measurements may be taken on three levels in the water col-
umn, even in bad weather conditions. The "Zeekat” checks the water depth
and takes water samples at 2 meters above the bottom, at i% of the water
depth and at 1 meter below the water surface. It measures: turbidity, fluo-
rescence, temperature, conduction and velocity (in the two horizontal z and
y directions). The turbidity is measured at all three levels, the other quan-
tities are only measured near the free surface. The "Zeekat” takes samples
of the turbidity at each level for about three minutes. The turbidity data
we use in this investigation are the average values of those samples, for each
level.

Once a week, turbidity samples were taken to the laboratory, to de-
termine the calibrations of the relation between turbidity and the cohesive
sediment concentration for each level. We will use these calibrations to com-
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pute the cohesive sediment concentration out of the turbidity data.

The "Zeekat” was situated at "Middelgat” near Hansweert during the win-
ter '87/'88, near Bath during the winter '88/°89 and near Vlissingen during
the winter '89/°90. (locations in figure 2.1). It was decided to consider the
measurements carried out near Bath first. Since at this location the influ-
ence of the Scheldt river on the cohesive sediment concentration data may
be most significant.

|
i

water level L
H ra—

flood

|

|

s3sin | 22982 | 25.481 | 23.920 | 24.589 | 24,858 | 25328
22747 25,217 25.686 24185 24.624 25093

%
l
s!\

turbidity
T et

|

Figure 2.2: Turbidity T and water level H over a period of three days in
November 1988 at Bath

— time

where  22.500 means November 22, 12:00:00 h
24.750 means November 24, 18:00:00 h
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2.4 Tidal effects on the cohesive sediment con-
centration

In this section we examine the behaviour of cohesive sediment as a result of
tide, using some conclusions of a literature study by Manni {15], Tide may
be described by the water depth H and the horizontal velocity V.

We examine the turbidity, i.e. the concentration of all sediment, includ-
ing the cohesive sediment, of a few days in November 1988 at Bath.? We
concentrate on the peaks of the signal, since we look for an explanation of
those peaks. The peaks of the turbidity are shown in figure 2.2 where the
turbidity 7" is shown together with the water level H, over a period of three
days in November 1988 at Bath.® Note that the turbidity at ebb-tide is
higher than the turbidity at flood-tide. This may be explained by the fact
that during ebb-tide the water near Bath is coming from inland locations.
We know for instance, that near the Dutch-Belgium border are sluices. At
that location, a lot of dredging takes place, which brings about a lot of co-
hesive sediment into the water column. This water with much suspended
particles in it, is transported to Bath during ebb-tide, which will cause the
high peaks at ebb-tide. The low peaks at flood-tide may be a result of the
mud flats upstream from Bath; most of the sediment is left over there, and
will not any longer be into the water column near Bath.

So we distinguish between ebb-tide and flood-tide. In ebb-tide the bot-
tom layer of the water is moving in seaward direction, and in flood-tide, it is
moving in inland direction. So the velocity near the bottom at flood-tide is
in opposite direction to the velocity at ebb-tide. At the turn of the tide, the
value of the absolute velocity is zero. In figure 2.3 the value of the absolute
velocity is shown together with the turbidity for three days in November
1988 at Bath.

Looking at figure 2.3 we note three peaks in the turbidity after the turn
at ebb-tide, i.e. the low water turn (LW-turn), labeled 1,2 and 3. The first
peak is caused by a small layer of fresh sediment at the bottom of the water
column. This fresh sediment consists of only cohesive sediment particles,

21t is allowed to examine the turbidity of November only, hecause the shape of the
figure of this turbidity does not differ from the shape of the turbidity figures of other
months in 1988/1989.

¥We will only use the data obtained at the mean water level, and not the data obtained
near the surface or at the bottom of the water column. Because we are only interested
in the shape of the concentration figure, and the shapes of the concentration figures of all
three levels are the same.
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which will erode fast. This causes a high peak in turbidity (1). The second
peak is a little lower than the first one. The fresh layer of sediment is already
eroded, but the velocity is increased. At this moment the velocity will be
high enough to cause the bottom sediment to erode. This will cause the
second peak (2}. At the end of the period of flood-tide (note that the water
level is increasing), the velocities become very big. This causes another part
of the sediment to be eroded (3). Because a big part of the sediment has
been eroded before, the third peak of turbidity will not be as high as the
other peaks.

v
- ’ 1
B ' i turbidity
e T
L absolute
I !,TW flw I, .&, z\w hor‘ifontal velocity

T T T T T = L
22.515 | 22.982 | 23.481 | 23.920 | 24389 | 24859 | 25.528
22.747 23217 23,686 24,155 24,624 25,093

—— f1me

Figure 2.8: Turbidity T' and absolute value of the horizontal velocily V' over
a period of three days in November 1988 at Bath

Remark: In figure 2.3 we notice that a peak in velocity causes a peak in
turbidity, with some time delay.

At the turn of flood-tide, i.e. the high water turn (HW-turn), the ab-
solute velocity is zero. However, there is still some cohesive sediment in
suspension in the water column. After this turn, we notice a peak of turbid-
ity (4). This peak is caused by the increasing velocity. It is a small peak, in
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comparison with the peak just after the LW-turn. This may be caused by
the fact the water level is still very high. The water is streaming over the
marshes and the shoals, which consist of a lot of sand, and not much (fresh)
sediment., So the peak (4) will be low. A few moments after peak (4), the
water level H is decreased, and we note a high peak in the (absolute) veloc-
ity. This velocity peak causes two high turbidity peaks, (5) and (6), since
due to the high velocity, all suspended sediment will be eroded from the
bottom of the ebb-channels, The erosion of the fresh sediment may cause
the high peaks, (5) and (6), of turbidity.

2.5 Conclusions

We want to construct a mathematical model which describes the tidal effects
on the cohesive sediment concentration in the Western Scheldt. For this
purpose we use turbidity data obtained by an instrument named ”Zeekat”
at three locations in the Western Scheldt: Vlissingen, Middelgat and Bath.
We decide to concentrate on the situation at Bath, since at this location,
the influence of the Scheldt river is most significant. The cohesive sediment
concentration data are computed out of the turbidity data, using the know-
ledge of the calibrations, which are determined once a week. Looking at a
graph of the turbidity, we notice particular peaks. We related these peaks
with the variations of the tide.

Knowledge of the tidal variations, means knowledge of the water depth
H and of the horizontal velocity V. The influences of both of them, espe-
cially the influence of the horizontal velocity is examined in this chapter. It
appeared to be very important.

In the next chapters, we will state a mathematical model, including some
unknown parameters, which describes the tidal effects on the cohesive sedi-
ment concentration in the Western Scheldt. We will examine the influence
of the horizontal velocity V only. In later chapters we will also take the
water depth H into consideration, when we shall distinguish between ebb
and flood.



Chapter 3

Mathematical model

3.1 Introduction

In the previous chapter we examined the tidal effects on the cohesive sedi-
ment concentration near Bath, in the Western Scheldt. It appeared that
both the water depth H and the horizontal velocity V have influence on the
cohesive sediment concentration.

In this chapter we examine a conservation of mass equation, which de-
scribes the influence of tide on the cohesive sediment concentration. We
simplify this equation by considering one column of water. We only consider
the processes of erosion and sedimentation, and we give the mathematical
equations for these processes. We will also give a mathematical expression
for the bed shear stress (7). The unknown parameters of these equations
will be estimated in the next chapters, using the method of extended Kalman
filtering,.

3.2 Conservation of Mass

We assume that all suspended cohesive sediment is well mixed throughout
the vertical water column, The depth averaged concentration of the sus-
pended cohesive sediment satisfies the conservation of mass equation [22],

oc ac aCc 1,8 ocC 1,0 oC S
ot tugs + va- = H(a(HDw-b—a}*)) + E(BE(HD”'—BE)) + H (3.1}

where C is the depth integrated concentration of the suspended cohesive
sediment (Kgm~3); u, v are the depth integrated velocity components (ms™1);

10
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D,, D, are the horizontal dispersion coefficients in the z and y direc-
tions (m?s™1); H is the water depth (m) and S represents the source
term (Kgm™2s~!), which may be described as the amount of erosion minus
the amount of sedimentation at the bottom.

We start with a simple model. We consider a column of water, with
hight H and we assume that the total amount of sediment into the water
column is only influenced by erosion and sedimentation at the bottom. So we
neither look at the advection terms, nor at the diffusion terms of the cohesive
sediment. This situation is shown in figure 3.1. We simplify Eqn (3.1},

8C _ $ _OE ad

8  H ot ot (3.2

where the source term S is computed from the processes of erosion E and
sedimentation d. This will be explained in the next section.

M’SQCQ,

s X

AJ’;—PO**OM Y

Figure 3.1; Ilustration of the simplified situation, looking at one column of
water

3.3 Erosion and Sedimentation

3.3.1 Erosion

The rate of erosion FE is

oF Ty

— = — > .
5 M (Tce 1), Ty 2 Tee (3 3)
oF

a— = 1, Ty < Tee (3.4)

where M is an erosion constant (Kgm~™2s~!), 7, is the bed shear stress
(Nm™2), and 7, is the critical bed shear stress above which erosion occurs
(Nm™1). Assume 7 is a constant.
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3.3.2 Sedimentation

The rate of sedimentation d is

od Ty

—— = -2 < ]
5 CW,(1 ol T < Ted (3.5)
ad

5{ = (, Th > Ted (36)

where W, is the settling velocity (ms™!), 7 is the bed shear stress (Nm™2),
and 7.4 is the critical bed shear stress below which sedimentation occurs
(Nm~2), Assume 7.4 is a constant.

We assume the settling velocity W, to be a constant. But this is not true.
Cohesive sediment particles easily stick together. This is called flocculation
and is described by van Leussen, 1991 in [11].

Flocks {created by flocculation) are falling fasfer than single cohesive
sediment particles, but when the flocks are too big, they may hinder each
other. In that case the flocks are falling slower. So the settling velocity
W, depends on the size of the flocks. The flocculation is depending on, for
instance:

- the concentration of the sediment particles

- the concentration of organic elements

- the temperature of the water

- the turbulence of the water

In order to describe the effect of flocculation on the settling velocity, we
define three concentration ranges [22],

Ws = Wconstu C< Cl (37)
W, = KC", C1<(C<Cy (3.8)
W, = Wwo(l — K20, C>Cy (3.9)

Where Weonst 18 a constant value of the settling velocity and Ky, Ky, Wy,
n and @ are coefficients depending on the sediment type and the salinity.
Nevertheless, we assume that W has a constant value.

3.4 Description of the parameters

The model we examine is described by Eqns (3.2)—(3.6). We distingnish
three situations: the situation of erosion (15 > Tee), the situation of sedi-
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mentation (1, < 74), and the situation in which neither erosion nor sedi-
mentation occurs (Teq < Tp < Tee):

ac M7

A > .
5 7 ('I‘ce 1) Th = Tee (3.10)
%% = 0 Tod < Th < Tee (3.11)
oc CW, ( T )

—_— = —_— = < 12
Bt T \ry 1) ST (3:12)

The data of the cohesive sediment concentration C are available. The water
depth H is a known value for every discrete time step k. The parameters M,
W, Tee and Toq are the unknown parameters we shall estimate. We assume
them to be constants, The bed shear stress 7, may be expressed in terms
of the horizontal velocity V near the bottom and the Chézy-coefficient Ch.
We use a simple equation to express the bed shear stress (Van Leussen IIT,
1981)

pw g V*(bottom)
= 1
Th (Ch)? {8.13)
Where we assume
V(bottom) = horizontal velocity at the bottom
Prw = density of water = 1000 Kgm=3
g = gravitation constant = 0,81 ms™?
Ch = Chézy coeflicient = 50 m~% s}

For this bed shear stress expression, we need data of the horizontal velocity
near the bottom of the water column, but only the data of the horizontal
velocity near the surface are available. So we have to find an expression
to compute the necessary velocity from the available data. Mulder [21]
gave a parabolic expression of the distribution of the velocity in the vertical
direction:

_ z\™M
V(z) =T (m+1) (—ﬁ) (3.14)
where V(2) is the horizontal velocity at water level z, V is the depth averaged
velocity, m is a constant (~ 0.15), and H is the water depth. The velocity
near the surface V(surface) is known. The water level at which was measured
near the surface is 1 meter below the surface, i.e. z(surface) = (H - 1) m.
We like to know the horizontal velocity near the bottom, i.e. 2 meters above
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the bottom of the water column: z(bottom} = 2 m.
Keeping this in mind, we get

V(surface) = V(H —1) = V.(1.15) (H ~ 1)0.15

7
V(bottom) = V(2) = ?-(1.15)(%)0'15

2 0.15
= V(surface) ( i 1)

So at each time step &,

0.30
VZ(bottom) = V,f(surfa.ce)( 2 ) (3.15)
Hy—1

We express the bed shear stress at time step k,

pw g Vi (bottom)
(Ch)?

ngvkz(surface) ( 9 )0-30
(Ch)? He — 1 (3.16)

(k) =

3.5 Conclusions

In this chapter we gave a simple conservation of mass equation, which de-
scribes the tidal effects on the cohesive sediment concentration in a column
of water. We considered three situations: the situation of erosion (1, > 7ee),
the situation of sedimentation (75 < 7.4), and the situation where neither
erosion nor sedimentation occurs (7o < 7p < Tee). This is described by the
discrete equations,

k
Crp1 = Cyp + 2_]\_4: (TM - 1) 7'b(k) 2 Tee

Hk Tee
Cry1 = Ci Ted < 'T?J(k) < Tee
aChL W, k
Crt1 = Ck + “ﬁ"— (M - 1) (k) < Teq
k Ted

where Cj is the cohesive sediment concentration at time step &, M is the
grosion constant, W is the settling velocity, 7 is the critical bed shear
gtress ahove which erosion occurs, 7.4 is the critical bed shear stress below
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which sedimentation occurs, and o = At is the discrete time step. The bed
shear stress 73(k) is given by Eqn (3.16).

Using these equations and the data of the cohesive sediment concentrations
C}, at each time step k, we shall estimate the unknown parameters M, W,
Tee a0d 7,4 appearing in these equations.

To estimate these parameters we will use the method of extended Kalman
filtering. This method will be described in the next chapter. In later chap-
ters, we are going to estimate the unknown parameters.

Remark: We consider this problem to be a stochastic filtering problem.
This is the first time this approach is used. All previous investigations used
correlation and regression analysis techniques to estimate the parameters of
the model.!

L An interesting study is made by Verlaan & Spanhofl, 1992. But they examined the
global shape of the turbidity fizure, and we are interested in the peaks of this figure.



Chapter 4

Estimation method

4.1 Introduction

Thus far we examined the tidal effects on the cohesive sediment concen-
tration near Bath, in the Western Scheldt (in chapter 2). We also gave a
mathematical model (in chapter 3) which describes the tidal effects on the
cohesive sediment concentration. Four parameters in this model are un-
known. We want to estimate these parameters by the method of extended
Kalman filtering. This method will be described in this chapter.

We give a general description of the Kalman filtering method, and we
explain why we choose this method for the estimation. After that, we state
the mathematical equations of the (extended) Kalman filter. In further
chapters we will apply this extended Kalman filtering method to estimate
the four unknown parameters of the mathematical model.

4.2 The Kalman filtering method

The Kalman filter is developed in the early sixties by Kalman and Bucy. It
gives for linear dynamical systems, the optimal estimator for the state of the
dynamical system, in the sense of minimum variance. For nonlinear dynam-
ical systems we need an extension of the Kalman filter, i.e. the extended
Kalman filter.

The Kalman filtering problem is that of determining the minimum vari-
ance estimator of Xy on the basis of the observations ¥4, Y1, -, Y,. This
really means calculating E[X) |Yi]; or equivalently, X k- The Kalman fil-

ter is recursive, in the sense that once X}, (the estimate of X on time k) has

16
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been determined on the basis of the measurements ¥y, Yy, -+, Yy, we can
determine X1 on the basis of the knowledge of X}, and the new measure-
ment Y., This recursive property will be very useful in our estimation
problem.

4.3 Application of the method

We apply the Kalman filter to estimate the four unknown parameters of
the model. The measurements Yy, Y1, - -, Y% are the measured cohesive sed-
iment concentrations Cy, Ci,---,C} at time steps 0,1,-.-, k. We consider
the unknown parameters as random variables and we augment the state vec-
tor with these variables. Since the extended Kalman filter yields estimates
of the state vector, it also provides estimates of the uncertain parameters.
Remark: A disadvantage of this on-line estimating procedure is that ini-
tially the filter uses the wrong parameters, which is detrimental to the per-
formances of the filter. This disadvantage may be overcome by repeating
the whole process using the estimated values of the parameters from the
first run as initial estimates of the parameters for a second run, and so on.
We will use this (off-line) recursive approach.

Apart from the fact that we do not need to store the previous measure-
ments while updating the estimate, the Kalman filtering method is useful,
because it takes into account the system and the measurement noise. We
have to take into account the systern noise, because we used a simplified
model to describe the tidal effects on the cohesive sediment concentration
near Bath.

4.4 Mathematical description of the method
4.4.1 Linear Kalman filter

The Kalman filtering method is based on the situation of the discrete-time
linear stochastic dynamical system (Bagchi, 1993)

X1 = ApXy + FWy (4.1)
Y, = CpXg+ WV, k>0 (4.2)

where the n-dimensional random vector Xy denotes the state at the time-
instant &, the r-dimensional random vector Wy, is the system disturbance,
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the m-dimensional random vector Yy denotes the observation and Vj, is the
observation error. We assume that Xo, {W)} and {V};} are jointly Gaussian
and mutually independent, ¥ > 0. Assume X has mean Z(0) and covariance
matrix P(0) and assume EW, = EVj = 0,k > 0, i.e. {W;} and {V}} are
zero mean white Gaussian sequences. We get:

(%) o n)]-(F ) o

with @Q(k) > 0 and R(k) > 0 for all & > 0 and where §; the Kronecker delta
function,.

We use the following Kalman filter equations (write X to denote Xk|k):

Measurement update:

K1 = Xpyup + Ki1[Vera — Crorr Xiq1e) (4.4)

A
Kiny = PopapCinlCrar PraunCli

+R(k + 1)) (4.5)
Per1 = Poryk — PoaypChiaCrr1 Pey1pCiip
+R(k + 1)] 7 Chr1 Py (4.6)

P i & > o .
where Pk+1§k = E[XHMX,'{HW] and -Xk+1l,k. = ch+1 - Xk-l-l'.k? and Kk+1 ig the
filter gain

Time update:

Xer1pe = ArYs (4.7)
Py = APeAL + FQ(R)FY (48)
where P, & E[X. X7).
Initial conditions:
Xo-1 = #0) (4.9)

Py_i = P(O) (4.10)
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4.4.2 Extended Kalman filter

Consider the following non-linear system:

Xy = [k, Xy) + g(k, X)Wy (4.11)
Vi = Ak, Xe)+ Vi (4.12)

where Ay Xy, Fy and Cy Xy of our earlier linear model are now replaced by
f(k, Xy, g(k, X) and h{k, Xi), where f(k,-), h{k,-) are now non-linear in
general and g(k, -} is not necessarily a constant function. {Wy} and {V4} are,
as before, and Xy is a Gaussian random vector, We assume that Xo, {W}
and {V;} are mutually independent, EW, W] = Q(k}, EViVT = R(k) and
Xy is Gaussian with mean #(0) and covariance matrix P(0). Suppose, we
have obtained X klk—1 and X by some means and we want to update them
by using the new data Yj4. Define

of(k,z)
Ar B i, (4.13)
Fp = g(k, Xy (4.14)
ah{k,z)
Cp w Ll 4.15
* O =Xy k-1 ( O)

Assuming smoothness of the functions f(k,.), g(k,-) and h(k,-), we may
expand these functions in Taylor series as follows

Flk, Xe) = flk,Xg)+ Ap(Xp ~ Xp) + higher order terms

g(k, Xy} = g(k, X))+ higher order terms

WMk, Xg) = hik, )A(Hk_l) + Cp( Xy — X}c!kﬂl) + higher order terms
Neglecting higher order terms and assuming the knowledge of Xy, and X k|k—1>
we get the approximate one-step transition model from Eqns (4.11) and (4.12)
as

Xppr = [, Xe) + Ae(Xe — X)Xk + g(k, Xi) Wi,
ApXp + F Wy + Ly (4.16)

Y, = h(k), Xk”c—l) -+ Ok(Xk - ch|k-—1) + Vi
= CpXp+ Vi+ M; (4.17)



CHAPTER 4. ESTIMATION METHOD 20

where
Le = f(kXe) - AuXi (4.18)
My = h(k, Xpr—1) — CrXpjr—1 (4.19)
Note that Ay, I, Ck, Ly and M}, are all known at time-instant k.

Let us now apply the Kalman filter equations to this approximate model
in Eqns (4.16) and (4.17). We get
Measurement update:

K1 = K1 + K [Vep1 ~ B+ 1, Xieqape)] (4.20)
Per1 = Popipg — PosapChraa[Chr1Pet11kChpt
+R(k + 1)) Croar Posa e (4.21)
Kit1 = Piy1sCit1 [Cr1 P Clyy + Rk + 1)) 71 (4.22)
Time update: X X )
Xt = ApXp + Ly = f(Xy) (4.23)
Popile = AxPp AL + FyQ(R)F] (4.24)
Initialization:
Xo-1 = (0) (4.26)
Py_1 = P(0) (4.26)

4.5 Conclusions

We will use the extended Kalman filter to estimate the four unknown para-
meters of the mathematical model. The extended Kalman filter determines
the minimum variance estimator of X, on the basis of the observations
Yy, Y3, -+ Yi. The method is recursive, i.e. we do not need to store the pre-
vious measurements while updating the estimate, and it takes into account
the system and the measurement noise. So this method is very useful for
our estimation problem.

We will use the method of the extended Kalman filter in the next chapters
to obtain estimates of the four unknown parameters of the model, which
describes the tidal effects on the cohesive sediment concentration near Bath
in the Western Scheldt.



Chapter 5

Estimation of the unknown
parameters

5.1 Introduction

In the previous chapters we noticed that the cohesive sediment concentra-
tion in the Western Scheldt may be influenced by tidal effects. We gave
a mathematical model to describe these effects. This model contains four
unknown parameters: the erosion constant M, the settling velocity W,, the
critical bed shear stress for erosion 7., and the critical bed shear stress for
sedimentation 1.5, We want to estimate these unknown parameters by the
method of extended Kalman filtering. This method is described in chapter 4.
In this chapter we estimate these unknown parameters using the Kalman
filtering method.

We will first show, how we apply this Kalman filter to the model we
are looking at. After that, we will give the mathematical systems we need
to determine the estimates of the four unknown parameters. Using these
systems and applying the (extended) Kalman filter, we obtain estimates of
the four unknown parameters. These obtained estimates will appear not
to be sufficient, so we will extend the model in later chapters, in order to
obtain more reliable estimates.

21
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5.2 Application of the Kalman filter

We want to estimate the four unknown parameters M, W;, Tee and 7o4, using
the Egns (3.2)-(3.6). For an arbitrary unknown parameter § we may write
oC
'5; mJc(“?:O‘: H, Tbat) (51)
according to Eqns (3.10)—-{3.12). Assume f(..) is an arbitrary function. The
subscript -, refers to the time At &.
Or, in discrete version,

Cit1 = Cr + At F(Ok, Cy, Hy, 1o(k)) (5.2)

where F(..) is a discrete function, or a discretisized continuous function.
We want to estimate the unknown parameter #, while making use of the
knowledge of the cohesive sediment concentration Cy, the water depth Hy
and the bed shear stress m,(k), all at time k.

Using the Kalman filter Eqns (4.1) and (4.2), we may write the observation

Y. = Cg

i.e. we observe the cohesive sediment concentration Cj. Since we assume a
certain observation noise Vi, we write

Vi=Cy + Vi (5.3)

The Kalman filter is developed to estimate Xj. We want to obtain an
estimation of 8, so we have to include 8 as a component into the state
vector X, Since we want to state Yz as a function of Xj, according to
Eqgn (4.2), we also include Cj, into Xg. Thus we write

_| Gk
to obtain
Xier1 = AXp + FWi (5.5)
Yi = CXp+ Vi (5.6)

where W), denotes the system disturbance, and C' = [ 10 ] Note that
these equations have the same shape as Eqns (4.1) and (4.2) of the Kalman
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filter, and thus we may apply the Kalman filter to obtain an estimate of Xy,
i.e. to obtain C and 6y,
In the next section we will state this system for specific .

Remark: Although we assume that the unknown parameter # is a con-
stant, we add a certain noise term Wy, to the unknown parameter:

Bosr = O + Wi,

in order to indicate the uncertainty in the constant value for 6.

5.3 Mathematical systems

5.3.1 Original model
We use Eqns (3.10)—(3.12),

oc M (n
iU el - =
ot H ( 1) Tb = Tee

Tee
mBC’ = 0 < Th < T
ot = Ted T ce
oc CW s { Th
Bi H (Tcd ) o = Ted

and estimate the erosion constant M and the settling velocity W,. We
assume the critical bed shear stresses for evosion and for sedimentation, 7.
and 7.4, are not varying. We consider three ranges for 7,(k), according to
Eqns (3.10)-(3.12). When 71p(k) > 7, We estimate the erosion constant M
and we do not vary Wy, When 1y < (k) < 74 there is no erosion and no
sedimentation; we do not vary both the erosion constant M and the settling
velocity Ws. When 7,(k) < 74, we estimate the settling velocity W, and we
do not vary the erosion constant M.}

The critical bed shear stresses 7., and 7,4 will be estimated in the same
way, not varying the erosion constant M and the settling velocity W,. Since
we want to estimate four parameters, we need four systems to estimate them.
We will describe these (discrete) systems in the next sections.

It i clear that this model is a rough approximation of the physical reality, so it will
only give a first approximation of the unknown parameters.
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5.3.2 Discrete system to estimate the erosion constant M

Consider the continuous model

6‘0 13E M
—_ | =L > .
5 " Hot H ('rce 1) Th = Tee (5:7)
and it's discrete version
My (k)
e - —L _ = .
Cunn = o= At T (B 1) k) > (58)

Using this discrete model, we obtain the following system (At = a):

X S ACE) .
k+1 = 0 * Xy + FeWy (5.9)
Y = [10]X+Vi (5.10)

ﬂcj: , Tee 18 & constant, W} is the system noise, and Vj is
the measurement noise, all at time step £.
Write (k) as in Eqn (3.16)

where X =

_ Puw g Vi (surface) 20-30
k) = TeRy (i, ~ 109

With system (5.9}-(5.10), we are able to estimate the unknown erosion
constant M, using the linear Kalman filter.

5.3.3 Discrete system to estimate the settling velocity W5

Consider the continuous model

oC  1dd W Ty
5= wa = (1) nsm
Ws /™
M :
0 (Tcd ) (5.11)
and it's discrete version
Cr1 — Cr = At Cy WI}( ) ( (k) 1) (k) < Teq (5.12)
k Ted
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This results in the system (At = a)

Ci + M)B.(ﬁ.(&l ~ 1)
X = H), Tod + F,W,
k1 [ Wa(k) Wk
= f(k,Xi) + FWy (5.13)
Y, = [1 O]Xk-’r-Vk (5.14)
Cy . . . .
where X = Wa(k) | Ted i8 & constant, Wy is the system noise and Vj is
the measurement noise, all at time step k.
Define
l We(kla (m(k) _ Cyoe (k) _
4, = Moy Bl ) Gl )
Or  ip=x, 0 1
. . _CWalb)a cmlk)
Ly = f(k,Xy) — ApXy = Hy, [E Ted 1) } (5.16)
where 7,(k) defined by Eqn (3.16).
We have
Xet1 = A4Xp + FWi + Ly (5.17)
Yo = CpXp + Vi (5.18)

Using Eqns (5.12)-(5.16) and the extended Kalman filter, we are able to
estimate the unknown settling velocity W.

5.3.4 Discrete system to estimate the critical bed shear stress
for erosion 7ce

Consider the continuous Eqn (5.7},
Th
- _— >
g  Hot HA\r 1) Th = Tee

and it’s discrete version

Ciopr — Cio = At% (1‘2-(1?1 - 1) (k) 2 (k) (5.10)
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This results in the system (At = «)

aM T'[,UC?
Xpy1 = [ et )~ 1) } + FyWy
'rce(k)

= flk, Xi) + FxWy (5.20)
Y, = [1 O]Xk+Vk (5.21)
Cy, . . . .
where Xj = reolk) | M is a constant, W, is the system noise, and Vi is

the measurement noise, all at time step k.

Define
_oaM 7k
4, = Uz 11 - (5.22)
Or lzg=x, |0 1
. . alM (o (k)

Ly = flk,Xy) — ArXy = [ H (2"'ce(§k 1) } (5.23)

where (k) defined by Eqn (3.16)

We use Eqns (5.20)-(5.23) and the extended Kalman filter to obtain the
estimation of the unknown critical bed shear stress 7., above which erosion
occurs.

5.3.5 Discrete system to estimate the critical bed shear stress
for sedimentation T.q

Consider the continuous Eqn (5.11),

acC 1 8d Ws /7y
= e ——— = -2 — = <
8t~ HO CF (Tcd 1) b = Ted
and it’s discrete version
(k)
— = — LY < .
Cers = Cu=AtGt (k- 1) nB <rald)  (520)

This results in the system (At = a)

Ws Ry
Tcd(k)
= f(k, Xi) + FxWi (5.25)

Yo = [10]X+ W (5.26)
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Ch
7ea(k)
the measurement noise, all at time step k.

where X = , Wy is a constant, Wy is the system noise, and Vj, is

Define

o -

Goel )
_ 2 (T’;(k) ) -Cof it 5.27)
Y L

W, Ck'raﬂk)
(5.28)

Ly = flk,Xp) — ApXp = [ a Hk{'i)'cd(k)

where 73(k) defined by Eqn (3.16). We use Eqns (5.25)—(5.28) and the
extended Kalman filter to estimate the unknown critical bed shear stress 7.4
below which sedimentation occurs,

5.4 Estimation

5.4.1 Preparations

To estimate the unknown parameters, we need initial values for these pa-
rameters. Approximate values for these parameters are, according to van
Leussen, [10],

Tee 7 0.14 N m™2

Teq & 0.08 Nm™—2

01<M <4010 Kgm252
0.5 <W, <20-107 Kgm 252

cohesive sediment consists of little particles, which will be easier mixed with
the water then the sand particles.?. Further, we assume Hy = 1, in order to
obtain a low water column, in which we assume ideal instantaneous mixing
in the vertical direction.

We assume T,.{cohesive sediment) < 7e(sand) & 0.2N m~2, because the

®More about this can be read in chapter 2
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5.4.2 Estimation of M and W,
Method

We use Eqns (5.9)-(5.10) in the case of erosion, i.e. when (k) > 7¢e, and
Eqns (5.13)—(5.16) in the case of sedimentation, i.e. when 7(k) < 7oq, for
given 7. and T,z In the case of erosion we are going to estimate the erosion
constant M, and in the case of sedimentation we shall estimate the settling
velocity W;. We use the (extended) Kalman filter to estimate the unknown
parameters, with the initial values,

Tee = 0.14 Nm™2 (5.29)
Teg = 008 Nm™2 (5.30)
_ [ c(0)
0) = 5.31
_ c(o
ZTeed.(0) = Ws,((())) } (5.32)
F = I (5.33)
_ 251075 1.1075
Per(0) = | ") 1p-s 4.0-10‘6} (5:34)
_ [ 25.10°% 5.10.77
Psed.(o) = 5.10~7 1.10"8 } (5.35)
R(k) = 25.1075 (5.36)

[~ -4
5.10 0] (5.37)

Q(k>=[ 0 0

where M{0) and W;(0) are initial guesses, and C(0) is the measured cohesive
sediment concentration at time k= —1.

Results

To obtain estimates of the unknown parameters M and W,, we use the
Kalman filtering method as described in chapter 4. This method is used
in the FORTRAN-program 'kfmwcl’ {appendix C). We obtain the results
shown in figure 5.1, where we assume

M@O) = 20-107% Kgm 252
We(@) = 3.0-107% ms™!
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From figure 5.1 we may conclude

M = 02.107% Kgm 252 (5.38)

~

W

0.3.107% ms~!

The next step is to determine 7., and 7.4.

(5.39)

Figure 5.1: Estimotes of the erosion constant M ond the settling velocity
W;, using the stmplified model, over a period of three days

Note: In the figure of the estimated concentrations €, which is not shown
here, I observed some horizontal lines where the figure of the observed con-
centrations C' shows a peak. This may be explained by the fact that I may
have chosen the wrong values for 7, and 7.4, (Note that for 7,9 < 7 < 74t
%Cf— = 0, according to Eqn (3.11).) Examining the figure of the estimated
settling velocity W, and at the figure of the observed cohesive sediment con-
centration C, I noticed that the peaks in W, appear at the same time as the
highest peaks in . This is caused by the Kalman filter: A high peak in the
observed concentration C, forces an adaption of the parameter estimation.

To have a notion of the values of the parameters (both in the case of ebb-tide
and in the case of of flood-tide), I examined some parts of the time series of
November 22, until November 28, where I determined the values of M and
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W. I found the values,

My, = 0.1-1074 (5.40)
Mfiooq = 0.1-107* (5.41)
Weew = 03-107% (5.42)
Wi flood = 0.1-107* (5.43)

Notice that the values of ebb-tide are almost the same as the estimated
values we obtained until now.

Remark: We distinguish between the case of ebb-tide and that of flood-
tide, because these situations are different, More about this is explained in
the next chapter.

5.4.3 Estimation of 7ce and 7g
Method

We use Eqns (5.20)-(5.23) in the case of erosion, le. when m(k) > 7,
and Eqns (5.25)-(5.28) in the case of sedimentation, i.e. when m(k} < 744,
for given 7., and 7.4. In the case of erosion we are going to estimate the
critical bed shear stress for erosion 7., and in the case of sedimentation we
shall estimate the critical bed shear siress for sedimentation 7,5. We use
the extended Kalman filter to estimate the unknown parameters, with the
initial values,

M = 02-107* Kgm~2572
Wy = 0.3:107% ms™?!

Zer.(0) = { "fje ((00)) } (5.44)
Tged (0) = { Tf;(((()))) J (5.45)
Fo= I (5.46)
. -5 9. 10-4
Fer,(0) = { 2;‘35. 1%)(14 3:?6 -1?0"3 ] (5.47)
. . 10-5 —4
Feeq.(0) = [ 2i5. 1:)0.4 i'_lfomi ] (5.48)

R(k) = 25-107° (5.49)
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51071 0 } (5.50)

Q(k)m[ 0o o

where 7. (0) and 7.4(0) are initial guesses, and C(0) is the measured cohesive

Figure 5.2: Estimates of the critical bed shear stress for erosion T.. and the
critical bed shear stress for sedimentation T.q, using the simplified model,
over a period of three days

Results

To obtain estimates of the unknown parameters 7. and 7,4, we use the
Kalman filtering method as described in chapter 4, This method is used in
FORTRAN-program 'kftaul’ (appendix C). We obtain the results shown in
figure 5.2, where we assumed

7ee(0) = 0.14 Nm™2
Tcd(O) = (.08 Nm~2

Note: I still noticed horizontal lines in the figure of the estimated cohesive
sediment concentration Cj, because I did not change the initial 7, and 7,,.
So I had to adapt these initial values to improve the estimated concentration
Ch.
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While proceeding the estimation, T noticed that the estimated concentra-
tion €} was matching better with the real concentration Cy. The finally
obtained estimates of the critical bed shear stresses for erosion and sedi-
mentation, 7. and 7.4, are

fe = 0.061 Nm~2 (5.51)
fed = 0.058 Nm~2 (5.52)

These values are lying closely together, because in the figure of the ob-
served cohesive sediment concentration, we notice no horizontal lines (com-
pare figure 2.2 in chapter 2). This means %% = ( only for short periods, ie.

Ted < Ty < Tee only for short periods. Thus 7.4 &= 7.

019

0.8 p
DT -
0.6 |-
0Es -

[-AT N .

C ok 4— measured concentrations

— 0.12
Kegm™2 onl

o «~ computed concentrations
008
.08 |+
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o.03 |~
G.02 |-
e.ol

T . - — : . .
21545 | 22982 { 2%4sz b 23821 | 24390 | zabse | 75329
2248 AT 25ARE 24486 24870 25004

—> time
Figure 5.3: The model compared with the observations over a period of three
days

using M =02.107% Kgm ?s 2
W, =03:10"% mgs!
Tee = 0.061 Nm—2
Teg = 0.058 Nm™?

£ 4.4 Obtained model

We have obtained estimates of the four unknown parameters of model (3.10}-
(3.12). Substituting the values of these estimates in the model, we obtain
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figure 5.3. These estimates are characteristic for the location where the mea-
surements were done and for the time of the year. So the model will give an
idea of the tidal effects on the cohesive sediment concentration, not consid-
ering the vertical diffusion in the water column, the longitudinal advection,
the differences between the ebb-stream and the flood-stream, and assuming
that the parameters of the model, behave like constants.

Notice that the cohesive sediment concentrations obtained by the model
and the observed cohesive sediment concentrations are totally different.

To improve the model, I varied Hy, and I estimated the four unknown pa-
rameters in the same way as before. I also estimated M together with 7,
assuming W, and 7,9 to be constants. I examined the obtained figures, and
looked for any correlation between these two parameters. Since I did not
found anything particular in these estimations, I decided not to inchide these
estimation procedures into this report.

Since I am not at all satisfied about the estimated velues until now, I will
extend the model in another way as will be pointed out in the next chapter.

5.5 Conclusions

In this chapter, we applied the (extended) Kalman filter to estimate the
unknown parameters of the mathematical model describing the tidal effects
on the cohesive sediment concentration in the Western Scheldt. Four pa-
rameters of this model are unknown. To estimate these four parameters we
need four mathematical discrete systems, one for each of them. Using these
systems, we estimated the unknown erosion constant M and the unknown
settling velocity W, while not varying the critical bed shear stresses for
erosion and sedimentation, 7., and 7,4. We obtained

M = 02-107% Kgm~2s™2

We = 03.107° ms™!

After this we estimated the critical bed shear stress for erosion 7., and
the critical bed shear stress for sedimentation 7.4. We assume the erosion
constant M and the settling velocity W, have values as obtained in the
previous estimations, We obtained

te = 0.061 Nm™?
Foq = 0.058 Nm™2
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Substituting these estimates in the model! of the tidal effects we obtain cohe-
sive sediment concentrations which do not agree with the observed cohesive
sediment concentrations. So we have to improve the model.

In the next chapter, we shall adapt the bed shear stress equation 7(k),
and we will consider the differences between the ebb-stream and the flood-
stream, in order to obtain more reliable estimates.



Chapter 6

Extension of the model

6.1 Introduction

In the previous chapter, we estimated the four unknown parameters of the
mathematical model, that describes the tidal effects on the cohesive sediment
concentration. When we simulate these estimated parameters in the model,
we obtained cohesive sediment concentrations, which did not agree with
the observed cohesive sediment concenirations. So we want to improve the
model in this chapter.

In the previous chapter we used a value for the bed shear stress 7(k),
determined by the horizontal velocity of the water near the bottom. We
computed 73(k) at each time step k, and we conasidered no longitudinal
convection. In this chapter we are going to examine the bed shear stress
7p(k) with a certain time delay, in order to include some kind of longitudinal
advection.

Because we will take the tide into consideration, we will distinguish be-
tween the ebb-stream (in seaward direction), and the flood-stream (in inland
direction).

Using the adapted bed shear stress signal 7,(k), and taking into account
the differences between the ebb-stream and the flood-stream, we shall es-
timate the four unknown parameters of the model. These estimates will
result in a better model for the cohesive sediment concentrations, but still
the concentrations obtained by the model, do not agree with the the ob-
served concentrations.

After all those estimations, we have an idea of the values of the parame-

35
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ters. Substituting these values into the model, we obtain cohesive sediment.
concentrations calculated from the model, which are agree with the ob-
served cohesive sediment concentrations. From this we may conclude, that
the model is correct at that time.

Since the estimates obtained by the Kalman filter, do not satisfy us, and
we have found that the model is right, maybe something is wrong in the
way we adapt the Kalman filter. We will examine the noise statistics of the
used Kalman filtering method in the next chapters.

6.2 Adaptation of the bed shear stress expression

6.2.1 Behaviour of the bed shear stress

To examine the relation between the observed cohesive sediment concen-
tration C) and the calculated bed shear stress my(k) (by Eqn (3.16), we
compare the figures of both of them, in figure 6.1. We notice that most of
the peaks of the cohesive sediment concentration may be explained by the
peaks of the bed shear stress. When we look carefully, we notice a certain
time delay of the bed shear stress, in comparison with the observed cohesive
sediment concentration. 3o we exftend the bed shear stress expression with
a time delay. Doing this, we assume that longitudinal advection takes place.!

In this section, we want to determine the time delay of the bed shear
stress 7,(k). First, we look at the simple constant time delay. After that,
we examine the more reliable variable time delay.

6.2.2 Static shift of the bed shear stress m,(k)

The observed cohesive sediment concentrations in a short time period from
November 22 until November 28 represent data over a short time period
around spring-tide. (The date of spring-tide and neap-tide of this period
are shown in table 6.1.) TIn this short time period there are hardly any
changes, s0 we may assume a constant time delay. This keeps the problem
simple. (Of course this simplification is not allowable when we lock at longer
time periods; in that situation we have to determine a variable time delay,
as will be described in the next section.)

1The physical explanation of the time delay of the bed shear stress, is that the sediment
hes been eroded at another location and was brought into the water column at Bath by
the water movements.
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Figure 6.1: The measured cohesive sediment concentration C compared with
the bed shear stress 7, (by Egn (3.16)) over a period of three days in Novem-
ber 1988 at Bath

I divided the two time series into small parts of for instance, a few days, or
a part of a day, and I compared the different series for these parts, I tried
to calculate the time delay of the bed shear stress series, with respect to the
time series of the cohesive sediment concentration. I found an average time
delay of

(k) = p(k — 15) (6.1)

So the bed shear stress at time step k, 75(k), will be determined from the
bed shear stress of 15 time steps earlier, 7(k — 15). This means a time
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delay of about 3 hours. So the cohesive sediment in the water column near
Bath, has been eroded about 3 hours before, upstream or downstream.

Since the velocity of the water is not a constant value, the time delay of
the bed shear stress is no constant time delay, For when the distance between
Bath and a certain sediment source remains the same and the velocity is
changing, then the time delay of the bed shear stress signal has to change
also. We will examine this in the next section.

Spring-tide and Neap-tide
Date Time | Decimal time number | Phase of the moon
23/11/1988 | 16:53 23.7035 full moon
01/12/1988 | T:49 31,3257 last quarter
09/12/1988 | 6:36 39.2750 New moon

Table 6.1: Date and time of the spring-tide (i.e. full moon, or new moon)
and the neap-tide (i.e. first quarter or last quarter), occurred in November
and December 1958

6.2.3 Dynamic shift of the bed shear stress m,(k)

In fact the time delay of the bed shear stress is no constant. The time delay
of the bed shear stress, with respect to the cohesive sediment concentration,
is not the same on each day. In a period around spring-tide, the differences
between the time shifts are not very big, but when we consider another
time period of a few days, we have to assume a time delay, depending on k.
Actually this time delay is not explicitly depending on k, but on the velocity
V., because the sediment is supplied from locations a certain distance I away.
So we have to know the velocity Vi, to determine the time delay on 7(k).

Because the velocity may be distinguished in two directions, i.e. the
upstream and the downstream direction, we have to split up the cohesive
sediment concentration model into two cases: the case of ebb-tide and the
case of flood-tide. The direction of the velocity determines from what lo-
cation the sediment is transported to Bath. It appears that the distance
between Bath and the mud source upstream is longer than the distance be-
tween Bath and the mud source downstream (when examining the chart of
the situation around Bath). So we have to distinguish between the ebb-
stream and the flood-stream.

After examining the figures of the cohesive sediment concentration C
and the calculated bed shear stress 73, keeping in mind the whole situa~
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tion around Bath, (i.e. the locations of the sources, the locations of the
ebb-channels and the flood-channels, the direction of the flow during ebb-
tide, and the direction during flood-tide, etc.) I finally found the following
equations for 7

0.13

Thebb(t) = T(t — W (6.2)
o, flood(t) = m(t — %) (6.3)

where V; is the absolute value of the velocity, ¢ is the time in seconds, and
0.13 resp. 0.03 is the time in decimal time numbers, so

013 =013 x 24 x 3600s = 11232s = 3 hours
0.03 =003 x 24 x3600s = 25928~ 1hour

In time steps? k:

‘ 1 .13

Theb(k) = T(k — 9.008380 Vi (6.4)
1 0.03

o, flood(k) = Tk — W“‘};) (6.5)

So the time delay of the bed shear stress is depending on the velocity, and
on the daily tide (i.e. ebb-tide or flood-tide).

6.3 Distinction between the ebb-stream and the
flood-stream

In the previous section we discussed the fact that we have to take into ac-
count a certain time delay on the calculated signal of the bed shear stress.
For this we need two different bed shear stress expressions, one for the sit-
uation of ebb-tide, and one for the situation of flood-tide. However, this is
not the only reason, why we want to split up the cohesive sediment concen-
tration model into two different models; one for the case of ebb-tide, and
one for the case of flood-tide.

Until now, we considered the simplified situation, assuming one bottom,
both for the ebb-stream and the flood-stream, but according to Manni [15]

*One decimal time number is ggsg time steps.
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we have to distinguish hetween ebb-channels and flood-channels, Since the
transport of the {polluted) river sediment is using the ebb-channels, and the
transport of the (fresh) sediment from the sea is using the flood-channels.
So the amount of cohesive sediment at the bottom during ebb-tide is not the
same as the amount of cohesive sediment at the bottom during flood-tide.
Sediment which hag settled at the bottom during flood-tide, does not have
to come into the water column during ebb-tide. The reason why we split up
the cohesive sediment concentration model into a case of ebb-tide and a case
of food-tide is the fact that we have to deal with two different situations,
with different streams and different channels.

After we split up the model we examined until now, into two different mod-
els, one for the case of ebb-tide, and one for the case of flood-tide, we have
to estimate eight unknown parameters instead of four. We assume all pa-
rameters to be constants, but the parameters of the case of ebb-tide will in
general be different from the parameters in the case of flood-tide. We shail
estimate the eight parameters:

Mepy, and  Mypoa
Ws,ebb and Ws, Floed
Teeebb aNd  Tee, flood
Ted,ebb and Ted, flood

To estimate the eight parameters, we need the knowledge of the water depth
H}, at time step k. For instance, suppose we want to estimate the erosion
constant M and the settling velocity Wy, not varying the critical bed shear
stresses for erosion and sedimentation, 7, and 1,4. We measure the water
level Hy, at a time step &, When Hy, > 17.4 m. (i.e. the mean water depth
at Bath during November, Decernber 1988), we are going to estimate the
erosion constant M and the settling velocity W at flood-tide. (We estimate
in the same way as in chapter 5.} When H}, < 17.4 m. we are going to
estimate M and W at ebb-tide, i.e. M (ebb) and W(ebb).
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6.4 Estimation using the extended model

6.4.1 Estimation of M and W5 in the cases of ebb and flood
Method

Because we examine the period of November 22 until November 28, 1988,
which is around spring-tide, we will use Eqn (6.1) to determine the time
delay of ,,

(k) = m(k — 15)

The estimations are carried out in the same way as in chapter 5, using the
same models, except for the time delay on the bed shear stress 7,(k).
We assume

Tee,ebb = 0.08 and Tee, flood = 0.18
Tedebd = 0.06  and  Teq f1000 = 0.08

Q. = @(k)f=[5'°‘01°"4 8]

R(k)e

]

R(k); =5.0.107*
with initial values

Mepp(0) =20-107% and Mpeeq(0) =1.0.107°
Ween(0) = 3.0-1075 and Wi pi000(0) = 3.2 1075

Results

To obtain estimates for the erosion constant M and the settling velocity Wy,
both in the cases of ebb-tide and flood-tide, we use the FORTRAN program
kfhmw’., We obtain the estimates as shown in figure 6.2 and conclude

Mgy =20-107% and Mg =1.0-1073 (6.6)
Wietr = 3.0-105 and W, jip0q = 3.5 - 1075 (6.7)

Notice that indeed the estimated values for both the erosion constant M
and the settling velocity W, are different in the different cases of ebb-tide
and flood-tide.
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Figure 6.2: Estimates of the erosion constant M and the setiling velocity
W, in the cases of ebb-tide and flood-tide, using the extended model, over a
period of siz days
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Figure 6.3: Estimates of the critical bed shear stress for erosion 7. and the
critical bed shear stress for sedimentation T.4, in the cases of ebb-tide and
flood-tide, using the extended model, over a period of siz days
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6.4.2 Estimation of 7¢e and 1.q in the cases of ebb and flood
Method

We will use again the constant time delay of the bed shear stress 7,(k), i.e.
Eqn (6.1). Assume

Mgy =2.0-10"" and Mfigog =1.0-1077
Wa,ehp = 3.0 107° and W, flood = 3.5 1075

Q(k)e _ Q(k)f _ [ 5.0 -30—4 g ]

R(k)e = R(k);=50-10""
with initial values

Tce,e(o) = 0,08 and Tce,f(o) =0.18
Tcd,e(O) = 0.06 and Tcd,f(o) = 0.08

where M and W, for the cases of ebb and flood are as found in the previous
section.

Results

To obtain estimates of the critical bed shear stress for erosion 7. and the
critical bed shear stress for sedimentation 7., both in the cases of ebb-
tide and flood-tide, we use the FORTRAN program 'kfhtt’. We obtain the
estimates as shown in figure 6.3 and conclude

Teecob = 0.08 and  Te, fro0a = 0.17 (6.8)
Ted,ebp = 0.06 and '?cd,ﬂood = (.08 (6.9)

Notice that the figure of . shows a typical oscillation. The oscillation lasts
about four and a half hours. It is repeated about every twelve hours. That
is exactly the time of one period of ebb-tide and flood-tide. Comparing this
figure with the tidal data, we may notice that the oscillation takes place
during ebb-tide. 1t starts a littie before the LW-turn,

Further we notice that the estimated values for the critical be shear
stresses of erosion and sedimentation, .. and 74, are indeed depending on
the daily tide. We also notice that 7. eph K Tee, flood- We may explain this
by the fact that there are big mud sources upstream from Bath, while in the
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downstream direction, the mud sources are much less,

Remark: We obtain

—(ebh) > ——(fiocd
Tee,ebh < Tee,flood ( ) ( )

Moy > Miiod - OF oF
at ot

W.g ebb < WS flgod ad ad
’ ! = —(ebb) < = (flood
Tedebb < Ted,flood ot (e ) Bt( 00 )

by using Equs (3.3) and (3.5) of chapter 3

OF Th
e — —— >
ot M (Tce 1), = Tee
od Th
vt = - L <
5 CW,(1 Tcd), T < Ted
Knowing that (Eqn (3.2)),
¢ _ 5 _ OB _od
ot  H 8t ot
we have
oc oC
E(ebb) > Ft_(ﬂOOd)

This corresponds with figure 2.2 in chapter 2, where we found that the cohe-
sive sediment concentration during ebb-tide is higher than the concentration
during flood-tide.

6.4.3 Obtained model

We substituted the estimated parameters into the extended model. In fig-
ure 6,4 we compare the cohesive sediment concentrations obtained by the
model, with the observed cohesive sediment concentrations. Notice that the
calculated concentrations are foo high, in comparison with the observed co-
hesive sediment concentrations. This result does not satisfy us; something
is wrong. Maybe, we made the wrong assumptions, or the model is not right
at all, or the Kalman filtering method we used is not working well,

The Kalman filtering method will be adapted in the next chapters. But
first, we shall check the model we used.
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Figure 6.4: The model compared with the observations using the extended

model,

over a period of six days’

A. for November 22 until November 29, 1988 at Bath.
B. for November 22, 1988 at Bath (an enlarged part of A)

where
Mebb =20-10"% and
Wsjebb == 3.0 . 10“5 and
%ce}ebb == 0-08 and
'f'cd,ebb = 0.06 and

Mﬂood =1.0-1072
Wi, fiood = 3.5 - 107°
'J:ce,flood =0.17

Ted, flood = 0.08

In order to check the model, let us substitute some arbitrary values for the
unknown parameters into the model:

Tee,ebb = 014 ; My =
Tee,flood = 020 ; Mflood =
Ted,ebb = 0.06 3 Wsebb =
Tedflood = 008 3 Wy . =

Substituting these values for the

0.5 -
1.0-
1.0
1.0 -

104
1074
1072
1072

eight unknown parameters, we find an

almost perfect concentration figure. We use the MATLAB-prograi.s 'rgeg’
and 'model’ (see appendix C). The concentrations obtained by the model are
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compared with the observed cohesive sediment concentrations in figure 6.5.
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Figure 6.5: The model compared with the observations, using arbitrary values

for the eight unknown parameters, over a period of eighteen days

where 22 means November 22, 1988
29 means November 29, 1988
20 means November 80, 1988
31 means December 1, 19838
82 means December 2, 1988
and s0 on.

Figure 6.5 looks perfect. The model has about the same peaks as the real
figure, only the peaks have to be a little smaller and have to shift a little.
Notice, we are looking at a time period of eighteen days, i.e. from November
22 until December 10, 1988, so we are looking at a time period including a
spring-tide/neap-tide period, according to table 6.1. In this kind of period,
the total cohesive sediment concentration is fluctuating in time. From the
figure we note that the model is following the real figure in its fluctuations,
From this we may conclude that our simplified model, is not that bad at
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all. But, we have to keep in mind, that the estimated values we used in this
figure, are not estimated at all, but chosen in an arbitrary way. So the used
values of the parameters are not tuned to each other.

We have to try to improve our filtering procedures, to obtain more reli-
able results. What we may learn from this figure, is that maybe our estima-
tion procedure is not correct., In the next chapters, we are going to examine
the noise statistics of the used extended Kalman filter.

6.5 Conclusions

In this chapter we examined the behaviour of the bed shear stress m,(k). We
considered two kinds of time shifts: a static time shift and a dynamic time
shift. We found the following time shifts,

Static time shift:

(k) = m(k — 1b)
Dynamac time shaft:
1 013
Tb,ebb(k) = 7k — O—m_ﬁc—)
1 (.03

T fload(k) = Tk — 0.008380W)

The averaged time delay of the bed shear stress 7,(k) is about 3 hours. This
is acceptable, considering the average velocity of the water, and the distance
between Bath and the mud sources.

We decided to distinguish between the ebb-stream and the flood-stream,
because these are total different situations. So we split up our model into
two parts: one part for the case of erosion, and one part for the case of
sedimentation. Now we have eight unknown parameters, instead of four, i.e.
two different values for each of them,

We split the model and used the bed shear stress 1,(k) with a static time
shift, we estimated the eight unknown parameters. We obtained

May =2.0-107% and Myoeg =1.0-107°
Ws,ebb =3.0-107% and Ws,ﬂood =3.5.10"°
Tee,ebp = 0.08 and  Tee flood = 0.17
Ted,enp = 0.06 and e, flood = 0.08
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Indeed, the values are different in the different cases of ebb and flood. At
fivst sight the estimated values look right, but when we examined the cohe-
sive sediment concentrations obtained by the model, we noticed that these
concentrations were too high.

Because we had a notion of the values of the eight unknown parameters,
we substituted some arbitrary values into the model, and compared these
cohesive sediment concentrations with the observed cohesive sediment con-
centrations. These two figures had the same structure. We found the same
peaks, just a little shifted in time, and some of the peaks were a little to
high, but the shape of the peaks looked the same. This is a result of great
value. Since the model looks right using some arbitrary values, we know
that the model is not wrong at all. So the wrong estimates may be caused
by the way we applied the Kalman filtering method. In the next chapters,
we shall examine the Kalman filtering method.

For a well operating extended Kalman filter, i.e. an extended Kalman
filter which generates reliable estimates, it is necessary to have an accurate
knowledge of the noise statistics (Mous, 1994). Until this far, we made an
assumption about these values, but in the next chapter, we are going to
examine a way to identify these noise statistics.

Remark: The working of the extended Kalman filtering method in this
problem could also be examined by testing the used Kalman filter with sim-
ulated observations. With this test we could determine whether or not the
Kalman filter was working well. (This test would be better than the test we
used, by examining the model with some arbitrary chosen values.) The test
with the simulated observations is desirable, because the theory about the
extended Kalman filter is not sufficient to predict a reliable working of the
extended Kalman filter.



Chapter 7

Identification of the noise
statistics

7.1 Introduction

In the previous chapters we determined the unknown parameters of a model
describing the tidal effects on the cohesive sediment concentration in the
Western Scheldt. For the estimation we used the (extended) Kalman fil-
tering method. Because we are not satisfied about the obtained values by
these estimations, we are going to examine the Kalman filtering method in
this chapter. We will concentrate on the noise statistics, especially on the
covariance matrix of the system noise.

We explain why the system noise may be important for the estimation
of the unknown parameters and we give two methods to identify this sys-
tem noise covariance matrix. The first method is the Maximum Likelihood
method, the second is a method suggested by Mehra in 1970. After the
explanation of these two methods, we will show how we may apply the iden-
tification of the system noise covariance matrix @ to our estimation problem.

In the next chapter we will identify @2. Using the identified @ we will
obtain new estimates for the unknown parameters.

7.2 The system noise covariance matrix @

We know that when (A ~ FQ%) stabilizable and (C ~ A) detectable, then
P, converges to a limiting value P as k — oo, independent of P(0}. This
is applicable to our problem, because (Ax ~ FQ%) is controllable for all k,

45
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and (C ~ Ag) is observable for all k. The limiting value P is independent
of the initial value P({0), but it is influenced by the system noise covariance
matrix ¢ as may be understood from the Kalman filter equations,

P = APeAl + FQRET

Kii1 P 1k Cl1[Cr1 Pop1nCiy + Rk + 1))
Xer1 = Xpyip + Kig1(Yerr — Crera Xpt1)

i

When Q is not correct, it may cause an error in the limiting value P of P;.
This will cause an error in the estimated value of the state Xj.

We need a reliable approximation of the system noise covariance matrix
(2, to obtain useful estimates. We shall identify it from the data in the next
chapter, using both the method of Maximum Likelihood and the method
suggested by Mehra. These methods will be described in the next sections.

7.3 Two methods to identify
7.3.1 Maximum Likelihood method

Let us denote the unknown parameter vector by & (in this case # = (7). Con-
sider the following linear time invariant discrete-time stochastic dynamical
system:

Xpr1 = AXy + Bu(k) + FW, (7.1)
Vi = CXe + VW k=0 (7.2)

where the state X, is an n-dimensional vector, the system disturbance W), is
an r-dimensional vector, the observation ¥y is an m-dimensional vector, Vj,
is the measurement disturbance, and {u(k)} is a known p-dimensional vector
input sequence, {W;} and {V;} are independent sequences of independent,
zero mean Gaussian random vectors with covariances ¢ and R, respectively.
Suppose that the matrices A, B, F, C, Q and R are only partially known
and # is the vector of unknown parameters in those matrices. We assume
that # belongs to a compact (closed and bounded) parameter space © C RY.
The parameter estimation problem is then, to find an estimate of ¢, based
on the observations Yy = yo, ' '+, ¥y = yn, for some fixed N. We denote such
an estimate by éN(yg,- L UN)-
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Let us introduce
Zi41(0) = Yy — CBu(k) — CAX(9) (7.3)

Using the Kalman filter equations it is easily to see that X}, is a function of
Y} and u(k — 1) and we may write

Yk.,.] = g(k,Yk,u(k),G) -+ Zk:-H (9) {74)
where Y}, denotes the vector (Y;I,YL,,- )T and u(k) denotes the vector

(k)T u(k ~ 1)T, - )7 and the innovation process Zj, is white noise.

The likelihood function of our problem is obtained by calcﬁlating the proba-
bility density function of Yy, -+, Yx. Using Bayes’ rule we can always write

N
fYN|u(N—1),0(-VN) = fYo(?JO) H fYkiYk_,,u(k—l),a(yk [ Y—1) (7.5)
k=1

where [y 1y, k_l},ﬂ(yk | Yk—1) is the conditional probability density of Y},
given Yi..1, u(k— 1} and 4. Using Eqn (7.4}, we may relate the conditional
probability density of ¥ to that of Z; as follows

o
Fri¥ ol = 1,0 [ 940) = (@)1 6) 1 det |32 | (79

From Eqn (7.4), the Jacobian | det [%%f] |= 1, and zgx(#) is a realization of
Zy(8) given by

2(0) =y — g(k — 1, yp1,u(k = 1);8) (7.7)

From results in Kalman filtering, we know that Z(#), for true parameter 6,
is Gaussian white noise with zero mean and covariance

H(k; 0) = C{AP(k — 1:0)AT + FQFT)CT + R (7.8)
Therefore,

N
N pu-nen) = Fro(yo) [T 1@m)™det[H(k : 0)]7% -
k=1

exp(~ 32 () H(h ) 24(6)
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N
= frolo) JT [(@my" det[H(k; 6)] 7% -
k=1

N
ewp(w sz () Hk; )" =(8))  (7.9)
=1
The likelihood function is obtained from Eqgn (7.9) by substituting Yy in
place of the actual observation yy. The likelihood function for our problem
is then

LYN:O) & fyum-n(Yn)

N
= fr(Yo) [ [@mydet[H(k; 6)) % -
k=1

N
exp (ﬂ% ;; Zk(GT)H(k;B)’“lzk(H)) (7.10)

where

Zk:(e) = Yk - g(k - I:Yk—l)u(k - 1)$9)
= Y, - CAXy_; — CBu(k—1) (7.11)

A maximum likelihood estimator of &, denoted By, is that value of @ for
which L{Y y;0) is a maximum; equivalently, the value of # for which

N N
L=3" logetlr(k:0))] + 3 5 (F@OHKE0720)  (112)
k=1 k=1

has a minimum. _

We will use this L(Y y,0) in the estimation described in the next section.
The Maximum Likelihood method may also be used for the estimation of
other unknown parameters of an arbitrary model.

Remark: We use here the Kalman filtering method for the estimation of
the unknown parameters of the cchesive sediment concentration model, in-
stead of the Maximum Likelihood method, because the Kalman filtering
method is recursive, and the Maximum Likelihood method is not. Since we
have a lot of observations, (i.e. in about 20 days, we have more than 2000
observations), we prefer the recursive method.

First we examine the other identification method, the method suggested
by Mehra (1970).
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7.3.2 Method of Mehra

Consider a multivariable linear discrete system

Xky1 = AXy + FWy (7.13)
i = CXp+ Vi (7.14)

with X} an n x 1 state vector, A an n x n non singular transition matrix, F'
an n X g constant input matrix, ¥; an r x 1 measurement vector and C' an
r % n constant output matrix. The sequences Wy, (g x 1} and V;, (r x 1) are
uncorrelated Gaussian white noise sequences with means and covariances

EWi = 0; EWyW]] = Qéy (7.15)
E[Vi] = 0 EVyV]'] = Ré; (7.16)
EWVf = 0, foralli,j. (7.17)

where §;; denotes the Kronecker delta function.

@} is a bounded positive definite matrix (§ > 0) and the initial state X is
normally distributed with zero mean and covariance BFj.

It is assumed that the system is time invariant, completely controllable and
observable. Both the system and the filter (optimal or suboptimal) are as-
sumed to have reached steady-state conditions.

Let (Qp represent the initial estimate of @ (o > 0), Ky the initial esti-
mate of the steady state Kalman filter gain (n x r matrix).

Ko = PCT(CRCT + Ry)™! (7.18)
Py = A[Py — PCT(CPCT + Ry)'CPy)AT
-+ FQoFY (7.19)

Py may be recognized as the steady-state solution to the covariance equations
of the Kalman filtering method.
The filtering equations are

Xk--{-l,'k = AX}; (7.20)
}A{k = Xk{k—l + Ko(¥y — C}z-kUc—l) (7.21)

where X, k+1jk i8 the estimate of Xj.; based on all measurements up to k,
le. Yo, v ,Yk.



CHAPTER 7. IDENTIFICATION OF THE NOISE STATISTICS 54

In an optimal Kalman filter (i.e. when Qo = @), we have Py the covariance
of the error in estimating the state. But in a suboptimal case, the covariance
of the error (P) is given by the following equation (Mehra, 1970):

P = Q[P — KoCP — PCTK{ + Ko(CPCT + R)KI)|AT
+ FQFT (7.22)
where P = E[(Xx — X1 )X — Xigpo1)
Rewriting Eqn (7.22)
P = A(I - KoC)P(I ~ KoC)¥ AT
+ AKoRKT AT + FQFT (7.23)
We need the true value of @). This value is unknown, To obtain an estimate
of @, we have to check whether the Kalman filter constructed using an ini-
tial estimate of Q is close to optimal or not (hypothesis testing). In case

it is suboptimal, we obtain a new estimate of ) using the autocorrelation
function of the innovation process.

To check whether the Kalman filter is doing well we use

Statement 1 For an optimal filter, the sequence Zp = (V3 — C'Xk“hl),
known as the innovation sequence, is a Gaussian white noise sequence.

proof:
See Mehra, 1970 [16].

"l'o test the optimality of the Kalman filter, we need the following state-
ment

Statement 2 Let K denote the steady-state filter gain. Under steady state,
the innovation sequence Zy is a stationary Gaussian sequence:

Zy =Yy — CXjjr

proof:
Mehra [16].

Necessary and sufficient condition for the optimality of a Kalman filter is
that the innovation sequence Zj is white.



CHAPTER 7. IDENTIFICATION OF THE NOISE STATISTICS 55

A simple test for the whiteness of the innovation sequence is based on the
autocorrelation functions. Define

ri = B{ZZE.,) (7.24)
Then
s = CPCT +R =0 (7.25)
ClA(I — KC)Y T AIPCT — Ko >0 (7.26)
Furthermore
rg=Td (7.27)

We obtain an estimate of r;, denoted as #;, by using the ergodic property of
a stationary random sequence

= Z VAV (7.28)
kmz

where N is the number of sample points.

Estimates of the normalized autocorrelation coefficients p; are obtained by
dividing the elements of #; by the appropriate elements of 7, e.g.,

[Bilw = ———— [rdf[ (7.29)

([Folkx [Folu)

Using Kendall and Stuart (1976, [9]) and writing $; =
By nEro

(5

7‘0

Epy = F TR (7.30)
t\l 2 g ~
var pi = var f;  2Fscov(fy, o) (7.31)

P2oar(fo)

72 a3
i 3 AT—

For the white noise case r; =0 forall i 20  (Mehra [16])

and couv(fy, 7)) = 0 Vi
= %fg yi=3>0
= L iej-o0 (7.32)
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w.log. 1o =17p =1 and it is easy to see that

Bp = p; — O(%) =0 in white noise case (7.33)
. 1 1
varpi = o+ O(F) (7.34)
p; is asymptotically normal
fr E[P%] .,
——— = N((,1
= P~ N (7.35)

i1

N

Therefore the 95 percent confidence limits for g,,7 > 0 are £1.96/N 3 (for
large N).

Test

Look at a set of values for p";i,z' > {J and check the number of times they lie
outside the band (::1.96/N73). If this number is less than 5 percent of the
total, the sequence Zy is white.

Estimation of Q

If the test just described reveals that the filter is suboptimal, the next step
will be to obtain a better estimate of ¢}. This may be done by using Ck,
defined earlier. We will show it for the situation n = 1. For the general case
(n # 1) see Mehra [16].

We need! (Anderson and Moore, 1979)

Definition 1 Let @ be an n x n matrix. Its Pseudo-inverse ®# is uniquely
defined by the following equations:

*Pr =z Yz eR[PT] = N[B!
dFr =0 VzeR[®' =N@T]

Observe that ®#® is the identity on R[®T] = N[®]+

Where R[®], the range space of © is the set of all vectors @z, where z ranges
over the set of all n-vectors. Its dimension is equal to the rank of ©.

'There are actually a number of different pseudo-inverses. Here we describe the Moore-
Penrose pseudo-inverse
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N{®], the null space of ®, is the set of vectors y for which @y = 0.

First we want to obtain an estimate of PCT. We use Eqn (7.26)

r1 = CAPCT — CAKrg (7.36)
Denoting by PCT the estimate of PCT we may write
PET = Kig + ot (7.37)
where ®# is the pseudo-inverse of matrix & which is defined as
B =CA (7.38)
To obtain an estimate of ¢, we use Eqn (7.23).
write
P=APAT 4+ Q + FQFT (7.39)

where ) = A(~KyCP — PCTKT + KoCoKT)AT (7.40)
Premultiplying both sides of Eqn (7.39) by C and post multiplying by
(A”’“)TCT, and substituting the estimated values, we obtain

CFQF(AHYTOT = CB(AYHYTCT ~ CAPCT ~ cA™HCT  (1.41)
where X » o
O = A[KoCP — PCTKE + KoroKT)AT (7.42)

To apply the method of Mehra, we divide the observations in, for instance,
5 iteration steps i (batches) of N points. Of every batch we determine the
estimate of € in the following way

N A i . .
Qir1 = Qi + (m) (Qiyr — @) (7.43)
where
¢ : the estimate of ¢ after i batches

Qi+1); : the estimate of Q based on the (i -- 1)** batch
(QQi+1 ¢ the estimate of Q after (i + 1) batches

After each iteration step we verify if the calculated mean square error r(F;)
(where P, is calculated from the variance equation, using @) does not differ
much from the estimate of the actual mean square error

1 X . )
N S(Xk ~ Xie-1)" (X — Xepp—1)
k=1
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7.4 Application of the noise identification

We want to estimate the eight unknown parameters of the mathematical
model, describing the tidal effects on the cohesive sediment concentration
in the Western Scheldt. We use the (extended) Kalman filtering method.
Because we know nothing about the system noise covariance matrix, we are
going to identify this matrix, for all eight different models, one for each
unknown parameter. We assume

- | Qu®) 0 i=1-.
Qt_[ ; Q”(iJJ =1..-8 (7.44)

where @11(1) and Qq9(i) are not depending on time k.

We shall use the Maximum Likelihood method to obtain rough estimates
of Q11(3) and @Qaa{7), 4 = 1-..8. These rough estimates will be used as
initial values to estimate Q11(¢), ¢ = 1-:-8 by the method of Mehra, and
(Q22(4), i = 1---8 by the Maximum Likelihood method.

Using the obtained system noise covariance matrices (J;, we are going
to estimate the eight unknown parameters 6; with the (extended) Kalman
filter in the next chapter.

7.5 Conclusions

In the previous chapters, we estimated the unknown parameters of the math-
ematical model, which descrilies the tidal influences on the cohesive sediment
transport in the Western Scheldt. We used the extended Kalman filtering
method. Since the obtained estimates are not reliable, we decided to exam-
ine the Kalman filtering method we used, especially the noise statistics of
this method.

In this chapter we examined two methods to identify the system noise
covariance matrix . The first method is the Maximum Likelihood method,
the second method, we examined, is a method suggested by Mehra, in 1970.
Both methods may be applied to our problem, provided that we make some
assumptions,

The Maximum Likelihood method determines a likelihood function L{'Y y; 8),
for the unknown parameter 8 and observations Yg, ¥1,- -+ Y. With this like-
lihood function it is possible to determine the maximum likelihcod estimator



i

CHAPTER 7. IDENTIFICATION OF THE NOISE STATISTICS 59

of 8, denated by fx. This is the value of 8 for which L{Y x; #) has a maxi-
mum.

The method of Mehra checks whether the Kalman filter constructed us-
ing an initial estimate of the system noise covariance matrix @) is close to
optimal or not. If it is suboptimal the method obtains a new estimate of @
using the autocorrelation function of the innovation process.

We will use both methods in the next chapter to identify the eight un-
known system noise covariance matrices ¢};, i = 1-.-8 Each @; belongs
to a system which determines the estimate of an unknown parameter of the
cohesive sediment concentration model. We will assume

o | Qu@) 0 —1...
@ = [ 0 sz(i)} b=1-8

where Q11(%) and @92(¢) are not depending on time k, to keep the problem
simple. We will use the method of Mehra to estimate Q11(4), i = 1---8,
and the Maximum Likelihood method to estimate Q22(¢), ¢ = 1..-8.



Chapter 8

Parameter and system noise
identification

8.1 Introduction

We have obtained estimates for the eight unknown parameters of the co-
hesive sediment concentration model. Since we are not satisfied about the
estimated values, we decided to examine the Kalman filtering method, we
used for the estimation. We examined the system noise covariance matrix
(2 in the previous chapter. We gave two methods to identify this matrix;
the Maximum Likelihood method and a method suggested by Mehra. In
this section we will use both methods to identify the system noise covari-
ance matrix @(i), ¢ = 1---8, Knowing these covariance mairices Q(i), we
estimate the unknown parameters 8;, ¢ = 1...8, again.

We start to identify the process noise covariance matrices () needed for
the estimation of the erosion constant M and the settling velocity W,, in
the cases of ebb and flood. Using these system noise covariance matrices
we obtain estimates for M and W,, using the (extended) Kalman filtering
method. After this we identify the system noise covariance matrices )
needed for the estimation of the critical bed shear stresses for erosion and
sedimentation, 7, and 7.4, in the cases of ebb and flood. We obtain estimates
for 7 and 7,3 using the extended Kalman filter with the identified ().
Finally, we will substitute the obtained estimates in the cohesive sediment
concentration model and compare the computed concentrations with the
observed concentrations,

60
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8.2 Identification of the system noise covariance
matrix @

We will first identify the system noise covariance matrices Q{i), i = 1..4,
i.e. the Q-matrices needed for the estimation of the erosion constants M.y
and M4, and for the settling velocities W epp and W f100q. We first
obtain rough estimations of Q(i), using the Maximum Likelihood method.
Using these rough estimates as initial values, we will identify Q,;(3) with
the method of Mehra, and QJg(i} with the Maximum Likelihood method, in
later sections.
We use as initial error covariance matrix P(0)

(8.1)

melzﬁ(o):[g 1{.)0}

where

P0|—1 = E(X0|—1X0|_1)
= E(Xy— va_hl)(Xo - Xm_l)
= E(Xo — 2(0))(Xo - z(0))
E(Cy ~ C(0))(Co — C(0)) E(Co — C(0))(6o — 8(0))
B(fy — 6(0))(Co — C(0)) E(t —~ 6(0)){(60 — 9(0))
Thus we assume
E(Cy - C‘(O))(C‘o — C’(O)) =R (8.2)

since we have Y; = C). Furthermore
B(Co — C(0))(60 — 8(0))
= E(fo — 8(0))(Co — C(0))
= 0 (8.3)

because we assume the initial values of C' and 8 are independent. Finally
E(8o — 08(0))(6s — 6(0)) = 1.0 (8.4)

Where this large variance stands for the initial uncertainty in the parame-
ter 8 (Mous, 1994)}.

But, of course, as already mentioned in section 7.2, this error covariance
matrix P(0) does not need to be very important, because, when (A ~ FQ%)
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stabilizable and (C ~ A) detectable, then P(k)} converges to a limiting
value P as k — oo, independent of P(0). This is applicable to our problem,

because (A4 ~ FQ%) is controllable, and (C ~ A) is observable. So the esti-
mates are independent on P(0). But since the model we used is a simplified
medel, and we make a lot of assumptions, we decide to choose the initial
error covariance matrix P(0) in a way in which it will give no troubles.

Rough estimation of Q

Method
We assume the shape of @

N Qud 0
=40 o] &

where ¢ = 1--4, L.e. one @ for every unknown parameter: Mepp, M fi00d,
Ws,ebb: Ws,f&ood-

We start identifying ()q;, using the Maximum Likelihood method. We use
the MATLAB-programs ’rill’ and 'qull’ (appendix C). We use the (initial)
values

Mepp(0) =5-107% 5 Miiaq(0) =1-1074 (8.6)
Ween(0) =1-107% 5 W fip0a(0) = 1- 1072 (8.7)
Tee,abp = 0.14 Tce,ﬂoodxo-QO (8‘8)
Tcd,ebb:0-06 3 Tcd,flaod=0-08 (8'9)

F, = I (8.10)

R(k)y = 07-1077 (8.11)

Q@) = 1.107° i =1,2,.,4 (8.12)

After this we identify (g9, using the Maximum Likelihood method, where

we assume (J11{z) as obtained in the previous identification. We use the
MATLAB-programs 'ti22’ and ’qu22’.
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Results

We obtain
o = | M0 'Olows 1'0,010_7} (8.13)
Q@) = ;1'0'010_4 1'0_910_7] (8.14)
Q@) = 51‘0 '010""3 1.0_010%} (8.15)
o) = i1'°'01°_5 1,0.2042} (8.16)

Remark: Since the likelihood function has a maximum value, we know
that the Kalman filter estimations are indeed influenced by the process noise
covariance matrix Q.

Estimation of Q11

Method
We use the method of Mehra to estimate (Q41(i}, 7 = 1--4. This method

uses a linear system
Y, = CXp + Vi (8.18)

To estimate the unknown erosion constants Meyw and My, We have used
Eqn (5.8) in chapter 5. Rewriting this equation we obtain

M
Ci41=Ck + &k (M - 1) To(k) = Tee (8.19)
Hy, Tee
This may be written as the system
_ aM (k)
Chtr = Cp + T, ( T 1) + FW, {8.20)
Yo = Cp + Vi (8.21)

for a certain M. So we assume in Eqns (8.17)—(8.18)

u(ky = M1 (1”—(’”—) - 1)

Hy, Tee
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SR RS
l

1
1
1
C 1

Remark: Notice that we use the method of Mehra only to determine Q1;,
and not to determine 22, since this method uses linear systems!

To estimate the unknown settling velocities Wy gy and Wy fi00d, We have
used Eqn (5.12} in chapter 5. Rewriting this equation we obtain

k k
Chns = 0 + ) (M ) _ 1) k) <7t (822)
k Ted
This may be written as the system
. aW, (k) B )}
Cry1 = [1 -+ —“"Hk ( pa 1)) Cy + FW, (8.23)
Yo = Co + Wi (8.24)
for a certain W;. So we assume in Eqns (8.17)-(8.18)
A = N:ml[l g ( . 1)]
F =1
C =1
G 0

To obtain estimates of @11(4), ¢ = 1.4, using the method of Mehra
and Eqns (8.20)-(8.21) and (8.23)-(8.24), we need values for the unknown
parameters Mepy, Mfiood, Wi et and Wy f150,0. We determine these values by
using the (extended) Kalman filter and Eqns (8.13)-(8.16). We assume the
initial values of Eqns (8.6)-(8.11). Using the MATLAB programs 'rkalf’,
'kalfil’ and 'kfmean' we obtain

My =5.6-1075 and Mﬂood =23.10"° (8.25)
Wiew = 1.4-107% and W, s100¢ = 9.5 - 107 (8.26)

We use these values for the erosion constant M and the settling velocity W
to determine @11(¢), ¢ = 1.-4 with the method of Mehra. Further, we use
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the MATL,AB-programs 'rmehl’ and 'mehrad’ (appendix C}. We start with
initial values of Qy1,, ¢ =1 -4, according to Eqns (8.13)-(8.16):

Qun(l) = 1.0.1073
Qui(2) = 1.0-107*
Ou(d = 1.0-107°
O (4) = 1.0.107°

For 7. and 7,4 we use Eqns (8.8)-(8.9).

Results

We obtain table 8.1, which is shown at the end of this chapter. We take that
value for 013 (¢) where the percentage of points lying outside the 95 percent
confidence limits is less than 5 percent. Further, {rom these values (J11(7),
we take the value with the maximum likelihood, i.e. maximum L(Yn; Q).
We obtain

Qu(l) = 6.8.107* (8.27)
Qui(2) = 82-1075 (8.28)
Qu@d) = 10-1073 (8.29)
Q1 4) = 1.7-1078 (8.30)

The estimates obtained by this iteration are shown in figure 8.1.

Now we have obtained estimates for Q;:(¢), 7 = 1.. 4, we shall identify
Q22(1), i = 1-.+4 in the next section. For this we will use the Maximum
Likelihood method. Since the system is not linear, we may not use the
method of Mehra.

Estimation of Qog

Method
We want to obtain better estimates for Q92(i), ¢ =1 -4 by the Maximum
Likelihood method. We use the (initial) values of Eqns (8.6)—(8.11):

Map(0) =5-107° ; Mpie(0) =1-1074
WS,Ebb(O) = 10—2 3 Ws,f!ood(o) =1 10_2
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Tee,ebh = 0.14 )

Ted,ebb

For Qu (i), i = 1.

Results

We assume Qa2 C @, © =

of Qan:

= (.06 :
F, =

R(k)

Qu(l) =
Qu(2)
Qu1(3)
Gu4) =

i

i

[1.0 - 1079

Qu(l) =
Qn(2) =
@2(3) =
Q(4) =

Tee, flood = 0.20
Ted, flood = 0.08
I
0.7-1077

-4 we use Eqns (8.27)—(8.30):

6.8.10*
82.107°
1.0-1078
171075

, 1.0], and we find the approximation

1.0-107°
1.0.107°
3.0.107°
1.0-107°

Now, we obtained for the system noise covariance matrices Q(i), ¢ =
1.4 (needed for the estimation of the erosion constant M and the settling
velocity W, both in the cases of ebb and flood),

Q1)

L

[ 8.2.107°
0 1.0 10*9

68107

0 10109

[ 1.0.10°3

0 3010*5

[ 1.7.10"8

0 1.0- 10“

(8.31)
(8.32)
(8.33)

(8.34)
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Figure 8.1: Results of the identification of Q11(i) by the method of Mehra,
fori=1..4

This is for the estimation of My, Mtioad; Waenh, and W flood. Each
batch consists of 430 points (except batch number 5; this one consists of
427 points).

Now we have identified the system noise covariance matrices @, we are
able to determine M and W, using the {extended) Kalman filter, for the
cases of ebb-tide and flood-tide. To estimate the critical values for the bed
shear stresses for erosion and for sedimentation, 7¢e and 7.4, we need an
identification of Q(i) ,4 == b..8, This identification is carried out in the
same way as the identification of (i), for i = 1.-4. It is worked out in
appendix A.



CHAPTER 8. PARAMETER AND SYSTEM NOISE 68

8.3 Estimation of the unknown parameters using
identified @

8.3.1 Estimation of M and Wj, using identified Q
Method

'To estimate the unknown erosion constants Mgy, and Mypeg and the un-
known settling velocities Wy epp and Wy f1g04, We use the MATLADB programs
‘rkalf’, 'kalfil’ and ’kfmean’ and the (initial) values (Fqns (8.6)-(8.11)):

Megp(0) =5-107° My1004(0) =1-107*
Weew(0) =1-107% ;1 Wi fio0a(0) = 1 1072
Teeebty = 014 ; Tee, flood = 0.20
Tedyebh = 0.06 ; Ted, flood = 0.08

Fy I
R(k) = 071077

I

The system noise covariance matrices (i) are described by Eqns (8.31)-
(8.34).

Results

The estimates are shown in figure 8.2. Notice that these figures are fluctu-
ating more than the figures of the estimates of chapter 6, where we did not
identify @, but where we have chosen an arbitrary value for @.

Since the figures are not converging, we take the average value of the
estimates, started at the 1000tR estimate, to obtain a value for the estimated
parameters, We conclude

My, = 1.5-107% (8.35)
Mjipog = —6.7-1077 with final value 4.2 - 1075 (8.36)
W, = 14-107° (8.37)

Weja = 93-107% (8.38)
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Figure 8.2: Estimates of the erosion constant M and the seftling velocity Wy,
in the cases of ebb-tide and flood-tide, using identified Q, over a period of
eighteen days

8.3.2 Estimation of 7ce and 7.4, using identified Q

The estimations to determine the system noise covariance matrices Q(i), 7 =
5. 8 as well as the estimations to determine the critical bed shear stresses 7.
and 7.4, using these ()-matrices are given in appendix A. In this chapter we
will only give the results.

Results

We find the system noise covariance matrices ¢

- | 571074 0
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. . -4
Q6) = [ e 010 L0 .010_3 } (8.40)
N , -4
A7 = { 43 010 10 ,010_3 } (8.41)
. . v §
QE) = {1'4 010 1.0 -010-8} (8.42)

where Q(i), i = 5.8 belongs to the system to determine 7ee,ebbs Tee, floods
Ted,ebbs OF Ted, flood-

We use these system noise covariance matrices 7 to determine the criti-
cal bed shear stresses for erosion and sedimentation, 7. and 7.4, using the
extended Kalman filter. The estimates are shown in figure 8.3. Since the
figures of the estimates do not converge, we determine a value for the esti-
mated parameters by taking the average value of the estimates, starting at
the 1000%2 value. We conclude

f‘ce,ebb = —0-33 &nd ‘ﬁgg,fload = OnSg (8.43)
Tedepp = 0.14 and 7oy, fio0q = 0.26 (8.44)

Notice that 7eeepp < 0, and 7ee < Teq. So the critical bed shear stress for ero-
sion 7. i8 not a reliable value. Something is wrong. This may be examined
in further investigation. On the other hand ,the situation of flood looks well.

Remark: At this time the Kalman filter was not checked by using sim-
ulated observations, In later investigation, I did this, and it appeared that
the Kalman filter I used was not correct. Maybe I made a calculation er-
ror, when I wrote the computer programs. When I estimated the unknown
parameters, using simulated observations, the figures of the estimates were
converging well,

8.3.3 Obtained model using identified @
Method

We substitute the obtained estimates for the erosion constant M, the settling
velocity Wy, the critical bed shear stress for erosion 7., and the critical bed
shear stress for sedimentation 7.4, in the cases of ebb-tide and flood-tide in
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the model (Eqns (8.45)-(8.48)).

My =2-1075 5 Mppq =4 107° (8.45)
Weepp = 1-107% 1 Wy gro0q =9 107 (8.46)
Tee,ebh = —0.33 v Tee, flood = (.89 (8'47)
Tedebh = (.14 i Ted, flood = 0.26 (8.48)

We use the MATLAB programs 'rgeg’ and 'model’.
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Figure 8.8: Estimates of the critical bed shear stresses for erosion and sedi-
mentation, Tee and Toq, in the cases of ebb-tide and flood-tide, using identified
Q, over a period of eighteen days

Results

In figure 8.4 we compare the computed cohesive sediment concentrations
with the abserved concentrations. Looking at this figure, we notice that
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the computed cohesive sediment concentrations are negative, This is nof
what we want to have., On the other hand, the shape of the peaks of the
computed concentrations looks like the shape of the peaks of the observed
concentrations. Maybe little adaptations are enough to improve our model.

Remark: See the remark made in the previous section about checking
the Kalman filter with simulated observations,

0.25 , —r , . ! . .
. measured observations
I -
¢ 015 |
-3
0.1} ]
T 0.05F |
or computed’ observations
&
-0.05¢ ]
0.1 i . L 4 R L I PR 1
22 24 26 28 30 32 34 36 38 40 42

—3 time

Figure 8.4: The model compared with the observations, using identified Q,
over a period of eighteen days

We used Eqns (8.45)~(8.48) for the unknown parameters of the mathematicol
model.

8.4 Conclusions

In this chapter we used the Maximum Likelihood method to determine
whether or not the estimations, needed to determine the unknown parame-
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ters of the cohesive sediment concentration model, have been influenced by
the system noise covariance matrix ¢}. We made a rough estimation of the
system noise covariance matrices of the eight systems, i.e. one system for
each of the unknown parameters of the concentration model. It appeared
that the extended Kalman filter is depending on this matrix.

We assumed the shape of the system noise covariance matrices to be:

| Qu{ey 0O — 1.
Q*‘[ 0 sz(i)} b=t

where Q11(¢) and Q22(%} not depending on time k, to keep the problem sim-
ple. We estimated Q1; with the method of Mehra using as initial value for
(2 a rough estimation of (1;. After that we estimated Q2 by the Maximum
Likelihood method.

Using the obtained system noise covariance matrices (), we estimated the
erosion constant M, the settling velocity Wi, the critical bed shear stresses
for erosion and sedimentation, 7. and 7.4, for both the cases of ebb-tide and
flood-tide. We obtained figures which are strongly fluctuating in time, and
the average of the obtained values is

May =2-107° § Mjes =4-107°
WS,ebb =1.107% ; Ws,flood =9.107*
Toeeth = —0.33 5 Tee flood = 0.89
Tedetb = 014§ Fed flood = 0.26

The estimated value of 7. ¢pp is Degative. This can not be real. But, due to
a lack of time, I did not examine this value any further.

The obtained values were substituted in the model, describing the tidal
effects on the cohesive sediment concentration in the Western Scheldt. The
computed concentrations were compared with the observed concentrations,
We found that the computed concentrations were negative, caused by the
negative value of 7. cpp. But the figure of the computed concentrations has
the same characteristics as the figure of the observed concentrations. Al-
though the peaks in the computed figure are not as high as the peaks in the
observed figure, we observe in the computed figure some of the peaks we
want to describe.
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Although we made a lot of assumptions to use both the Maximum Likeli-
hood method and the method of Mehra, we may conclude that the extended
Kalman filter with identified process noise covariance matrix ¢}, may result
into better values for the unknown parameters, than the extended Kalman
filter with arbitrary Q.

Remark: Maybe the estimates will be even better, when we use a correct
Kalman filter program. Since in later investigation, (by estimating using
simutated observations,) it appeared that maybe the used program contains
some calculation errors.

Note 1: An estimation of (41 with the Maximum Likelihood method, gives
the same result as an estimation of ¢J11 with the method of Mehra. Pro-
vided that the initial value we use in both methods is the same. (In this case
the initial value is the rough estimate obtained by the Maximum Likelihood
method.) This conclusion is very useful, because the method of Mehra. takes
less computer time than the Maximum Likelihood method,

Note 2: While using the method of Mehra, the data were divided into 5
batches. In doing this we assuime the circumstances of all of them are the
same. Of course this is not true. But this assumption does not cause an
error, as can be understood by the fact that the obtained estimates of each
batch look right, and they do not differ much from each other.
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Model | Number of Likelihood | Percentage
Number | Iterations Q Function *2
i L(YN; Q) ™
1 0 1.0-1073 6.13 0.07
1 571074 6.15 0.13
2 6.3-1074 .36 0.03
3 6.8-1074 6.93 0.00
4 5.5 10~% 2.82 0.00
7.9.104
2 0 1.0-107* 8.65 0.20
1 5.6 1073 8.73 0.30
2 6.2.1078 7.95 0.10
3 7.8.1078 8.32 0.07
4 8.2.107° 4.94 0.03
14.107%
3 0 1.0-10™3 6.02 0.03
1 8.4 1074 6.45 0.17
2 771074 6.96 0.13
3 591074 7.25 0.07
4 4.7.10™4 1.76 0.13
7.3-107%
4 0 1.0-10™° 9.38 0.03
1 1.7-10"5 0.63 0.03
2 2.0 -10° 7.42 0.00
3 271078 5.25 0.07
4 47107 9.13 0.00
4.5 1075

Table 8.1: Results of the method of Mehra, to estimate the system noise
covariance matrices Q(i), 1 =1--4

x1: The likelihood function we use here is

1

N
LYNQ) = —5 > ZE(CPCT + B2y ~ in| OPCT + R|

k=1

*gq: Percentage of poinis lying outside the 95 percent confidence limits.

Note:
The estimate of the actual mean square error
1, & . p .
(ﬁ) 3 Xy — Xpp-1)" (X — Xejp—1)
k=1

where Xy, i3 obtained by actual estimation, and the calculated mean square
error tr(Py), as computed in the program, are not written in this table,
because those values were equal.



Chapter 9

Summary and Conclusions

We wanted to construct a mathematical model, which describes the tidal
effects on the cohesive sediment transport in the Western Scheldt. We used
data obtained near Bath, and we wanted to describe the influence of the
water level and the (inland} horizontal velocity on the cohesive sediment
concentration in a fixed column near Bath. The mathematical model we
used is a simplification of the conservation of mass equation for a column of
wafter,

c _§  8E od

ot H B8t ot
This means that the change of the cohesive sediment concentration C in
time, equals a certain source term S, divided by the water depth H. This
is equal to the amount of erosion F minus the amount of sedimentation d
at the bottom of the water column.

Erosion takes place when the bed shear stress 75 is higher than the criti-
cal bed shear stress for erosion Te.. Further, sedimentation takes place when
the bed shear stress 73 is less than the critical bed shear stress for sed-
imentation 7.4. Substituting the expressions for the situations of erosion
and sedimentation into the conservation of mass equation, we obtained the
discrete equations,

Crt1 = Crp + aM (Tb(k) - 1) To(k) = Tee

_I:fk‘ Tee
Ck+1 = O}c Ted < ‘T‘b(k) < Tee
aCy W ('rb(k) )
C = ) 4 ——— | =2 — 1 <
ket 1 % i - (k) < Ted

76
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where a = At is the discrete time step, and the bed shear stress 73(k) is
given by,

_ puwg Vi (surface) ( 2 )0.30
(k) = GO e

We estimated the erosion constant M, the settling velocity W,, the critical
bed shear stress for erosion 7. and the critical bed shear stress for sedimen-
tation 7.4. To estimate these unknown parameters, we used the extended
Kalman filtering method. This method is useful for our estimation problem,
because it is recursive, i.e, we do not need to store the previous measure-
ments while updating the estimate, and because it takes into account the
system and the measurement noise.

First, we estimated the erosion constant M and the settling velocity W,
assuming certain constant values for the critical bed shear stresses for erosion
and sedimentation, 7.e and 7.4 Next, we estimated the unknown .. and 14,
using the obtained estimated values for M and W, We substituted the four
obtained estimates into the model, and we compared the computed cohesive
sediment concentrations with the observed concentrations. We found that
the figure of the computed concentrations was not equal to the figure of the
observed concentrations. We concluded that the obtained estimates would
not be correct.

We improved the mathematical model. We distinguished between the ebb-
stream and the flood-stream, since these are two different situations. Fur-
ther, we adapted the bed shear stress expression 75(k) with a certain time
shift, We considered the static time shift and the dynamic time shift,

Static time shift:

n(k) = mlk — 15)

Dynamic time shift:

1 013
= }C T N T Ameh o s

T ebb{k) 7( 0.008380 Vi )

| 1 003

T ftond(k) = 7ok = Gorems )

Now, we estimated eight unknown parameters: the erosion constant M, the
settling velocity W, the critical bed shear stress for erosion 7, and the
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critical bed shear stress for sedimentation 7.4, all for the cases of ebb-tide
and flood-tide. We estimated these eight unknown parameters for a short
period during spring tide, and we used the bed shear stress expression with
a static shift. Substituting the obtained values into the model, we obtained
computed cohesive sediment concentrations. When we compared these con-
centrations with the observed concentrations, we noticed that they did not
agree.

After these estimations I had an idea of the eight unknown parameters. I
substituted some arbitrary values for the unknown parameters in the model.
The shape of the figure of the obtained cohesive sediment concentrations
looked like the shape of the figure of the real observations. We noticed the
same peaks, however they were shifted in time. The period we examined,
was a period during a spring tide/neap tide cycle. The fluctuations of the
cohesive sediment concentration during this cycle were shown in the figure
of the computed cohesive sediment concentrations. Since these substituted
parameters were not in harmony with each other, because I made them up
by myself, these parameters were not the parameters we were looking for.
However, this result showed that the model is not very bad.

To improve the working of the extended Kalman filter, we identified the sys-
tem noise covariance matrix . We used two methods to identify this matrix:
the Maximum Likelihood method, and a method suggested by Mehra.

The Maximum Likelihood method considered a linear time invariant
discrete time stochastic dynamical system

Y, = CXp+ Wi k>0

where the state X} is an n-dimensional vector, the system disturbance Wy, is
an r-dimensional vector, the observation Y is an m-dimensional vector, Vj
is the observation error, and {u(k)} is a known p-dimensional vector input
sequence. {Wy} and {V;} are independent sequences of independent, zero
mean Gaussian random vectors with covariances @ and B, respectively. We
supposed that the matrices 4 and B were only partially known and € was
the vector of the unknown parameters in those matrices. We assumed that
6 belonged to a compact (closed and bounded) parameter space © C R%,

The parameter estimation problem was, to find an estimate of 8, based
on the observations Yy == yg, -+, YN = yn, for some fixed N. We denoted
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such an estimate by 5N(yo, -+ yn). We determined the maximum likelihood
estimator of 8, denoted by éN, that is that value of 8 for which the likelihood
function L(Y n;6) had a maximum.

The method suggested by Mehra in 1970, considered the multivariable
linear discrete system

X1 = AXy + FW
Vi = CXp+ Wy

with Xy an n x 1 state vector, 4 an n x n non singular transition matrix,
F an n x ¢ constant input matrix, Y3 an r x 1 measurement vector and C
an 7 X n constant output matrix. The sequences W}, (g x 1) and Vi (r x 1)
were uncorrelated Gaussian white noise sequences. It was assumed that the
systern was time invariant, completely controllable and observable. Both
the system and the filter (optimal or suboptimal) were assumed to have
reached steady-state conditions. The method of Mehra checked whether
the Kalman filter constructed using an initial estimate of the system noise
covariance matrix Qo was close to optimal or not. If it was suboptimal the
method yielded a new estimate Q using the autocorrelation function of the
innovation process.
We assumed that the process noise covariance matrix had the shape

o | @n@ o C 1.,
Q’; - [ 0 Qgg(i) jl i =1 g

where Q11(%) and Qua(7} were not depending on time to keep the problemn
simple. We estimated Q11 by the methed of Mehra, and Qo by the Maxi-
mum Likelihood method. Since the method of Mehra is written for a linear
system, we used the linear equations

M (7(k
Cry1 = Gk"'a_—(ﬁ’('“’)“—l)""FWk (k) = Tee
Hy, Tee
Cit1 = Cy + FWy ‘ Ted < Ty(k) < Tee
CuW, [ 7lk
Comn = Gy + Zs (sz_), 1) + FWe m(h) <
Hy, Ted

to identify @;). To use the method of Mehra, we should know the eight
unknown parameters. Since these were unknown, we estimated them, using
the rough estimates for ). To identify (Js2 with the Maximum Likelihood
method we used the linearized systems, as used in the extended Kalman
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filtering method.

First, we obtained rough estimations of G)(4) and Q22(i) with the Max-
imum Likelihood method. These estimates were used as initial values by
determining @17 (¢) with the method of Mehra and Qa3(#) with the Maxi-
mum Likelihood method.

The method suggested by Mehra needed less computer time than the Maxi-
mum Likelihood method. I checked whether the method of Mehra gave the
same results for Qll, as the method of Maximum Likelihood, using the same
initial value @11(0). It appeared that both models gave the same estimates.
So, we concluded, that the method of Mehra needed less computer time than
the Maximum Likelihood method, and they both gave the same results. But
we might not forget, that the method of Mehra, did not only assume that
the discrete system wag linear and time invariant, but it also assumed that
the discrete system was completely controllable and observable, and that
both the system and the filter had reached steady-state. So when all these
conditions are fulfilled, it is likely to use the method suggested by Mehra
above the Maximum Likelihood method, in the other case it is desirable to
use the Maximum Likelihood method.

Using the identified system noise covariance matrices @, we estimated the
eight unknown parameters. The figures of the estimates varied a lot, and I
have chosen the average values of the estimates. These average values were
substituted in the mathematical model in order to obtain cohesive sediment
concentrations. Comparing the figure of these computed concentrations with
the figure of the observed concentrations, we noticed that the shape of the
computed figure looked correct, although the computed concentrations were
negative. Further, the peaks of the concentration were well shown in the
computed concentration figure.

The values we finally obtained were

Mepy = 2.107% ; Miloog = 4 10-3
Ws,ebb = 1- 10"3 H Ws,ﬂcod, = 9. 10—4
Tee,ebh = —0.33 v Tee,flood 0.89
Ted,ebb = 0.14 v Ted,flood = 0.26

We noticed that 7eeepy < 0, which is not likely. 'This might be caused by the
fact that the peaks of the cohesive sediment concentration at ebb-tide are
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much higher than the peaks of the cohesive sediment concentration at flood-
tide. (This is shown in figure 2.2 in section 2.3.) The situation of ebb-tide
could not be true at all, because Tee ebty < Ted,ebb in stead of 7o ehb > Ted,ebb.
However, in the case of flood-tide, we found 7ee fiood > Ted,flood- But the
Tee, flood 18 very high, especially when you have in mind that we assumed

Tee(cohesive sediment) < Tpe(sand) =~ 0.20Nm™2

according to van Leussen, [10]. We concluded that we had to make some
improvements to obtain more reliable values, especially in the case of ebb-
tide.

We may conclude that the extended Kalman filter may be applied to solve
this parameter problem, but that it does not work well. When we identify
the system noise covariance matrix ¢, we obtain better estimates for the un-
known parameters of the mathematical model, but these estimates do not
result in a model, which generates nice cohesive sediment concentrations.
The model itself is not so very bad, as is shown, when we substituted some
arbitrary values for the unknown parameters into the model; the obtained
cohesive sediment concentrations lock right.

Remark: The used Kalman filter had to be checked using simulated ob-
servations. By lack of time, I did not do this during the investigation. At
the end of the investigation, I checked the Kalman filter, using simulated
observations. I found that the Kalman filter I used, was not working correct;
the estimates obtained, using simulated observations were not the same as
the estimates obtained, using the measured observations. However, the esti-
mates obtained using simulated observations were converging well, and this
is not the case when we used the measured observations. So we may con-
clude that the Kalman filter I used in this investigation may contain some
calculation errors. Since I concluded this at the end of this investigation,
there was no time to find these errors and improve the estimations. (This
might be done in further investigation)

Naote 1@ At the end of this investigation, I noticed that 7, was not correctly
constructed in the used FORTRAN and MATLAB programs; a factor 2030
is missing in the 7, expression (Eqn (3.16)). Since the shape of the figure of
the used 7,(k) is the same as the figure of the real 7,(k), and we concentrated
on the location of the peaks in the figure, there is no harm in this.
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Note 2: It is not easy to identify the process noise covariance matrix ex-
actly, because the choice which of the models to use is depending on the
determined estimate. For instance, when we estimate 7., and 7.4, we make
use of two models. At each measurement update (Xy11), the choice which
model to use is determined by the values of 7o, vy 80d Fedy o of the pre-
vious time update, i.e. when 7(k + 1) > Fe(k 4 1 | k) we are going to
estimate Teelk + 1), when my{k + 1) < Feg(k + 1 | k) we are going to estimate
Fea(k 4 1), and when Foq(k + 1 | k} < m(k+ 1) < Feelk + 1 | k) we are
going to estimate neither oo (k- 1) nor f,4(k+1). So the assumption of two
separated models we use here, (i.e. one for the case of erosion and one for
the case of sedimentation) is not a realistic one; the models interact.

Note 3: In trying to estimate M and W, after estimating 7., and 7.4, we
obtained values which cannot be realistic. Thus the decision was made to
start estimating M and W;, and to estimate the critical bed shear stresses
after that.

We also examined the difference between starting with the situation of
erosion, Ty > Tee, followed by the situation of sedimentation, 7, < 7,4, or
starting with the situation of sedimentation, followed by the situation of
erosion. When using the first approach, i.e. starting with erosion, followed
by sedimentation, strange values of the estimates were obtained. Therefore
we decided to use the second approach: starting with the situation of sed-
imentation, followed by the situation of erosion. This decision effects the
final obtained estimates.

Note 4: It appeared to be very important to use the right initial values
while determining the estimates.

Extension of the model

Adaptation of 7.

We divided the critical bed shear stresses for erosion and sedimentation, 7,
and 7.4, both into two parts, one for the situation of ebb-tide and one for the
situation of flood-iide. We assumed these four critical bed shear stresses to
be constant, this assumption is not a realistic one, The 7, oy for instance,
will not behave like a constant during the whole period of ebb-tide. When
the erosion process starts, there is a layer of fresh cohesive sediment on the
tap of the bottom. The 7 of this layer is very low. Much lower than the 7.,
a few time steps later, Then a big part of the layer of fresh sediment, or even
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the whole layer is eroded and the bottom exists of only cohesive sediment
particles mixed with sand particles. Since the 7, of sand is much higher
than that of cohesive sediment, the 7. in this case will be higher than a few
time steps earlier. So we may conclude that, the 7. is depending on time
and on the amount of cohesive sediment settled at the bottom during the
period of sedimentation before, and it is not a constant.

Adaptation of W,

We assumed W, to be a constant. But W, is depending on, for instance,
the rate of flocculation. Further we have to take into consideration, that W,
is higher near the surface of the water column and lower near the bottom.
Thus far we only used W, = Wyons to describe the settling velocity., But
maybe it is better to use all three equations describing W,

Wy = Weonst, C<Cy
W, = KiC", C1<C <Oy
W, = Wp(l —~ KQC)'@, C >0y

Where Wegnst is & constant value of the settling velocity and K, Kp, Wi,
n and f are coefficients depending on the sediment type and the salinity,
and C is the cohesive sediment concentration,

Adaptation of M

We assumed the erosion constant M to be a constant. But this has not to
be correct. The parameter M is applied to correct the erosion term in the
mathematical model. So it is acceptable to assume that M is not a constant,
but a term which is varying in time,

Vertical diffusion coefficient

In the approach used in this study, we used a simplified mathematical model
to describe the concentration of cohesive sediment C, depending on the
amount of erosion E minus the amount of sedimentation d at the bottom.
We assumed that the total amount of cohesive sediment is equally mixed
through the whole column, We may adjust the mathematical model by ex-
tending it with a diffusion coefticient and using the data of the concentration
of the cohesive sediment of all three levels in the water column (and not only
on the mean water level.)
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We use (W. van Leussen, [10])
oC)

Upper layer : aj— — Ci(W; - Wo) = i = 5
ot
oC:
Mean layer agﬁi + Ci(W; — Wi) + fi
= Ci(Wy — Ws) = f, = 5y
Bottom layer agg(%g + G (W, = We) + f3 = 5+ 53
The layers are indicated at figure 9.1 and
S; = Supply of cohesive sediment in layer I (I =1,2,3)
OF od
S = Source term = E — "a—t'
fi = Turbulent diffusion at the boundary surface ¢
(, = Concentration of cohesive sediment at boundary ¢
W; = Entrainment velocity in vertical direction
a; = Diameter of layer {
e SR o P |
1 8 = o ey
3\(OA. [«
‘ _— e W L — ¥, o — - R
A
2 T 1 s bfioH
l&z I(&.
J — R —_— — — T — - —
G &
2 } sl N-2
- - . — e — — — e - \’\:CD
Figure 9.1: Water column divided into three parts
Assume

S = 0 (1=123)

fi = milps — ;)(u1 — uz)
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(9.1)

(9.2)
(9.3)

(9.4)
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fi = mylps = pa)(ua — ua) (9.5)
where m; and m; are constants

C C
Cp = ng———z (9.6)
C C
C; = Lot Cs (9.7)
2
W; = Wplu — ug)R-"" R; = m—éﬁ-‘q—ai— (9.8)
v plur — ug)?
- Apgag
;= o — il ;o — .
WJ Wg('ug u3)RJ s RJ ,O(uz — 11,3)2 (9 9)
(0.5 < n < 2)
where w; @ depth mean velocity component along the z-direction in layer ¢
p + the density of water
g : the gravitation constant

Simplify this by leaving the entrainment velocity out of consideration. We
obtain

Upper layer : alé\gf = f; {9.10)
Mean layer ag%q;—z— = fi — fi (9.11)
Bottom layer : a3§§§ =95 - f;
0E od
=5 "5 i (9.12)

With this extension, we may take into account the time a cohesive sediment
particle needs to reach the bottom or the surface of a water column. Fur-
ther, for instance, assuming .5; not equal to zero, we may also consider the
dumping of material in the water column.

Equations with V4

Thus far we only used bed shear stress equations depending on V2, In the
description of the behaviour of sand particles most bed shear stress equa-
tions are depending on V4, Maybe it is a good idea to use the knowledge
of these equations of sand particles to describe the behaviour of the cohe-
sive sediment particles. Since, in a mixed bottom it is most likely that the
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T (erosion) is acting like the 7¢(sand).

With the examples of extensions made in this section, we may improve
the model we used in this investigation, in order to obtain a more reliable
model.

Further investigation

In view of the results obtained in this study, I was asked to proceed this
investigation, and to write a proposal about the continuation of this project.
This proposal is added as a loose supplement. I will describe it in a few
words.

The mathematical model for the location Bath may be improved by
including the vertical diffusion coefficient. Further, it is possible to state
the same kind of models for the locations "Middelgat’ and *Vlissingen’ (fig-
ure 2.1). These three models give an indication of the influence of tide on
the concentration of cohesive sediment at the three locations in the Western
Scheldt, The influence of season may be determined from other measure-
ments, made during twenty years in the whole Western Scheldt. Using the
knowledge of the tidal and the seasonal effects on the cohesive sediment con-
centration, we may eliminate both the tidal effects and the seasonal effects
from the the cohesive sediment concentrations of the last twenty years in the
Western Scheldt. In this manner, we will obtain a knowledge of & certain
trend in the cohesive sediment concentration in the Western Scheldt, over
the last twenty years.
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List of Symbols

C concentration of suspended sediments Kgm™3
Ch Chézy coefficient m3 g~!
dd /8t rate of sedimentation m?s~!

Dy, Dy horizontal dispersion coefficients m?s~!
BE /ot rate of erosion Kgm2s7!
e forecast error

g gravitation constant me~2

H water depth, in this case: 17.4 + z m

H covariance matrix of the innovation sequence Z

BW high water turn

L(Ywn; @) likelihood function of @

LW low water turn

M erosion constant Kgm™25~!
NP null space of &

P, covariance matrix at time &

Q%) process noise covariance matrix, time k

R(k) measurement noise covariance matrix, time k

R[®B] range of space ®

T autocorrelation function of the innovation sequence

S source term Kgm~2s~!
i time 5

T turbidity Kgm™3

U depth mean velocity component along z direction  ms™?

v depth mean velocity component along y direction ms™!

|% velocity in the z-direction ms™}

Vi, measurement noise at time k
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Wy system noise at time &

W, settling velocity ms
X, state at time %

Y, observation at time k

2 water level elevation related to mean-sea-level m
Z,  innovation function at time %

o time step 8

6y  Kronecker delta function

) unknown parameter

p;  normalized auntocorrelation coefficient

pw  density of water Kgm™3
75 bed shear stress Nm~?
T critical bed shear stress for erosion Nm~2
Ted  Critical bed shear stress for sedimentation Nm~?

d#  pscudo-inverse of ®



Appendix A

Estimation with identified Q

A.1 Identification of the system noise covariance
matrix ¢}

We are going to identify the system noise covariance matrices Q(4),
1 = b5 - .8, needed for the estimation of the critical bed shear stresses for
erosion and sedimentation, 7., and 7.q.

Rough estimation of Q

Method
We assume the shape of @

) m'[ “5 aut) J .

where i = 58, Le. one ; for every unknown parameter: Tee cpp, Tee, Floods
Ted,ebb a4 Ted flood:

We start identifying Q11, using the Maximum Likelihood method. We use
the MATLAB-programs 'rit11’ and 'qutall’ (appendix C). We use the (ini-
tial) values

My =2-107% | Mpgog=4107° (A.2)
Weeth=1-10"% W, f1pq =9-107* (A.3)
'Tce,ebb(o) =014 ; Tcg)ﬂood((]) =0.20 (A.4)
Teaetv(0) = 0.08  ;  Teq f100a(0) = 0.08 (A.5)

92
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B, = I (A.6)
R(k)y = 07-1077 (A7)
Qu() = 1.107° i=1,9.,4 (A.8)

After this, we identify Qqg, using the Maximum Likelihood method, where
we assume (J11(i) as obtained in the previous identification. We use the
MATLAB-programs 'rit22' and 'quta22’.

Results
We obtain the rough estimates for ¢,

am = |08 (A.9)
Q) = '1‘0'010_4 1,0,010_9j (A.10)
QT = -1'0'010% 1.0—010—8T (A.11)
QE) = -1'0'010_7 1'0.01041 (A12)

Estimation of Q11

Method
We use the method suggested by Mehra to estimate ¢41(¢), ¢ = 5.-8. This
method uses a linear system
Xpy1 = AXp + Gulk) + FW, (A.13)
Y, = CXp+ Vi (A.14)

To estimate the unknown critical bed shear stresses Teepp 80d Tee flond, We
used Eqn (5.19) in chapter 5. Rewriting this equation we obtain

aM [ (k) )
=C _— e k) > 1ok .
Guws = o o+ o (20d 3 ) 2 meld)  (A15)
This may be written as the system
k
Cir1 = Ck -+ aM (Tb( ) _ 1) + FW, (A.16)
Hy \ Tee

Vi = Cr+ WV (A.17)



!

APPENDIX A. ESTIMATION WITH IDENTIFIED Q 94

+

for a certain 7e. So we assume in Fqns (A.13)-(A.14)

H k Tee

ta
St

(ORI X
i
e

To estimate the unknown critical bed shear stresses 7450 and 7eq, fro0d, We
used Egn (5.24) in chapter 5. Rewriting this equation we obtain

s Tb(k) 2
Ci1 = Ce + i (w(k) 1) (k) < realk)  (A18)

This may be written as the system

_ (k)
Cre1 = [1 + H; (Tcd(k) )] Ci + FW, (A.19)
Yo = Cv+ W (A.20)

for a certain 7¢g. S0 we assume in Eqns (A.13)~{A.14)

N
— Z Ost (Tb(k) 1)]
k=1

A N Hg * 7ea
F =1
c =1
G = 0

To obtain estimates of @q1{z), 7 = 5. -8, we need values for the unknown
parameters Tee ebhy Tee,floods Ted,ebb B0A Ted floog- We determine these values
with the extended Kalman filter and Eqns (A.9)-(A.12). We assume the
initial values of Eqns (A.2)-(A.7). Using the MATLAB programs 'rkalf2’,
"kalfil2’ and 'kfmean2’ we obtained values which wers not reliable. Thus we
decided to use

Tee,ebb = 0.14 Tee, flood = 0.20
Ted,ebb = 0.06 Ted, flood = 0.08
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Figure A.1: Results of the identification of Q11(i) by the method of Mehra,

fori=25-

-8

This is for the estimation of Tceebb, Tee floods Tedebbs 4Nd Ted,flood. Each
batch consists of {30 points (except batch number 5; this one consists of 427

points),

We find table A.1, which is shown at the end of this chapter, and we conclude

that:

Q11(5)
Q11(6)
Qu(7)
Qu1(8)

5.7-107* (A.21)
141074 (A.22)
431074 {(A.23)
1.4-107° (A.24)

(the iteration steps are shown in figure A.1)
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Estimation of Q99
Method

We want to obtain better estimates for Qga(i), ¢ = 58 by the Maximum
Likelihood method. We use the (initial) values of Equns (A.2)-(A.7):

Mup=2-10"" ;  Mpooq =4-107"
Wiaepp =1-107% 5 W 1004 =9+ 10™
Teeehbl0) =014 3 Tee flooa(Q) = 0.20
Tcd,ebb(o) =006 ; Tcd_ﬂogd(()) = 0.08

F. = b
R(k) = 0.7-1077

For @11(i), ¢ = 5--8 we use Eqns (A.21)-(A.24).

Results
We assume Q22 C ©, © = [1.0-107°, 1.0}, and we find the approximation
of Qga:

Q(1) = 1.0.107°
On(2) = 1.0.1078
@2(3) = 1.0-107°
Qoa(4) = 10.107°

So we obtained for the system noise covariance matrices (i), ¢ = 5--8
(needed for the estimation of the critical bed shear stress for erosion 7. and
the critical bed shear stress for sedimentation 7.4, both in the cases of ebb
and flood),

Q) = [57 107 1.0‘010_9 (A.25)
Q) = [14 1074 1.0‘010_81 (A.26)
Q) = [43 107 1_0.010_.3_ (A.27)
QE) = {14 0 1.0,010_8; (A.28)
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A.2 Estimation of 7, and 7.4, using the identified
Q

Method

To estimate the unknown critical bed shear stresses for erosion Tee epp and
Tee, flood and the unknown critical bed shear stresses for sedimentation 7eq eps
and 7eg, flood, We use the MATLAB programs 'rkalf2’, 'kalfil2’, and "kfmean2’
and the (initial) values (Eqns (A.2)-(A.7)):

Mepy == 2 1078 ; Mf;ood =4.1078
Ws.ebb =1.1073 ; Ws,flaod =9.1074
Tﬂe‘ebb(o) =014 Tce,_f[ood(o) = (.20
Tedepb(0) = 006 5 Teq flo0d (0) = 0.08

Fp. = Iy
Ry = 07.1077

The system noise covariance matrices (J(¢) are described by Eqns (A.25)-
{A.28).

Results

The estimates are shown in figure 8.3, in chapter 8. To obtain a value for the
estimated parameters, we take the average value of the estimates, started at
the 1000** estimate. We conclude

%ce,ebb = —0.33 (A.QQ)
%ce,flood = (.89 (A.30)
Tedety = 014 (A.31)

Ted,flood = 0.26 (A.32)
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Model | Number of Likelihood
Number | Iterations (™ Function | Percentage
i L(YN; Q) e
[ 1 0 1.0. 107 1.92 0.03
1 471074 6.16 0.10
2 521074 6.44 0.07
3 5.7 107* 7.04 0,00
4 4.7 .10~4 2.23 0,00
711074 ]
2 0 1.0.107% 8.44 0.73
1 1.1-1074 8.33 0.83
2 1.2-1074 7.93 0.23
3 1.4.10™4 8.16 0.07
4 1.4-1074 6.16 0.03
1.9.1074
3 0 1.0-1078 | - 9.96 - 1073 017 |
1 361074 6.45 0.13
2 5.3-1074 7.25 0.10
3 4.3.107* 7.50 0.07
4 351074 - 0.01 0.17
6.4 1074
4 0 1.0-1077 -82.50 0.03
1 1.4.107% 9.55 0.03
2 1.8-10°5 7.15 0.00
3 2.6-107° 5.00 0.07
4 461078 9.14 0.00
4.4-10™

Table A.1: Resulis of the method of Mehra, to esiimote the system noise
covariance matrices Q(i), i = 5.8

¥1 The A.mse and the C.mse are equal to the values of 0, everywhere.
sg: Percentage of points lying outside the 85 percent confidence limnits.
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National Institute for
Coastal and Marine
Management

B.1 Organization

This study is carried ont at the Dutch 'Nagional Institute for Coastal and
Marine Management' (RIKZ). The institute has offices at The Hague, at
Haren (Gr.), and at Middelburg. This study is done at Middelburg. As a
part of the Ministry of Transport, Public Works and Water Management,
this institute provides advice and information on:

- the sustainable use of estuaries, coasts and seas;

- coastal flood protection.
For this purpose, the institute develops and maintains a knowledge and
information infrastructure. As a knowledge bank, this institute is also at
the service of other parts of the central government and it cooperates with
various agencies and organizations at international level. As a part of the
Ministry, the institute’s main client is the Directorate-General of Public
Works and Water Management, while the institute receives cornmissions in
relation to policy implementation from regional departments such as those
for Zeeland, South Holland, North Holland, the North Sea and the Northern
Netherlands (figure B.1).

The institute is subdivided into several departments, according to ta-
ble B.1, This investigation is done at the department of 'Research and
Strategy; Physics’.
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Ministry of Transpart, Public Work;s and Water Management

I
-

Directorate-General of Publlc Works and Water Management ]

advice and policy planning

advice and
policy implementation
data

Technical Regional
services departments

Figure B.1: Survey of the division parts of RIKZ

National Institute for Coastal and Marine Management
RIKZ

Division Secretariat and General Services
Controller Section
Personnel Section

Research and Consultance and Information and
Strategy Policy Analysis Technology
BEON Program Bureau | National Affairs Information Systems
Physics North Sea Hydro-Instrumentation
Biology Wadden Sea Laboratories
Chemistry Delta area Information technology

Table B.1: RIKZ organization chart
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Most of the research at the institute is done within the framework of projects.
This study is about the transport of cohesive sediment and therefore it may
be interesting for the projects SCHOON (in English "clean”) and QOOST-
WEST (in English "east-west” ).

B.2 Projects

The project SCHOON is a joint operation by the Directorate Zeeland and
the Tidal Waters Division of the Netherlands Directorate-General of Public
Works and Water Management. It was started at the beginning of 1991.
The aim of the project is to carry out research on the consequences of the
cleaning-up activities for concentrations of substances, the waste load and
the processes taking place in the estuary.

The project OOSTWEST has also been started in 1991. The aim of
the project is to develop a sustainable and ecologically sound estuary. This
development has been hampered by extensive reclamations in the past, re-
sulting in a shortage of natural flood plains, and exacerbated by intensive
dredging in the present. A sustainable management of the physical system
includes

¢ a development of an integrated dredging-extraction-dumping strategy
¢ the restoration and creation of flood plain areas and

¢ selected measures to enlarge rare habitat types such as saline marsh-
lands and freshwater tidal areas.

This study was also interesting for the project TROEBEL (in English tur-
bidity"). This project is examining the question to what extent human
people are able, wanted or not, to influence the turbidity and the sediment
concentration of a salt water system. The project TROEBEL is subdivided
into two phases. The first phase has just finished. The second phase will be
finished in the Autumn of ‘84 and will pronounce upon formulating reference
values and a measure and check strategy for the turbidity in salt waters,

B.3 Field of activity

Computer facilities

Since I was the only mathematician at the institute at Middelburg, not
much mathematical software was available. So I had to use the software of
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the mathematicians of the department at The Hague. After programming
in FORTRAN, I started to work with a simple version of MATLAB. I also
had the disposal of the LATEX program of The Hague. This program was
totally unknown at Middelburg, so was MATLARB. At the start of this case,
I used the personal computer of my supervisor, which I extended with 2
MB.

Supply of data

I had to gather the data I used from several departments. Almost all data
were delivered in ASCII form. 1 converted them, using LOTUS programs,
in a way I could use them in FORTRAN or MATLARB programs. Most of

the data were delivered soon,

Sidelines

Except doing my research, I was asked to give some advice about time-series
cases. I also attended a meeting within the framework of my investigation
and I spoke to some people about my investigation, at Middelburg as well
as at T’he Hague.

1 had the possibility to sail with a ship of the geometrical service from
Hansweert to Rupelmonde, where measurements were done. I visited the
mud flats of Vianen and the South salting, and I enjoyed an excursion to
the eastern part of the Flooded Land of Saeftinge. One morning I visited
the pontoon with which the turbidity measurements, I used, were carried
out,

Finally, T wrote a proposal to continue this study, because of the promis-
ing results so far. At this time this proposal is being considered at the
Ministry. The proposal is added as a loose supplement to this report.



Appendix C

Listings

FORTRAN programs

N=343| N =701 N =701 N =701
H=1 H =1 | H is variable | H is variable
At=1 | At=1 At=1 Al=a=T24
M and W, kfmwcl [ kfhmw
Tee a0 Ty kftaul
M and Tee kftem kfhtem
Mathematical model modell
M kfmel
Tee kftaue
M and W, ebb and flood kfhmw’
Tee a0d T,g, ebb and flood kfhtt

Table C.1: Summary of the used FORTRAN programs

where M: erosion constant
We:  settling velocity
Tee!  critical bed shear stress for erosion
Ted'  critical bed shear stress for sedimentation

N:  number of observations

H: water level
At:  time step

103
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MATLAB programs
[ ML Qu [ ML Qg3 | Mehra Q;; [ Kalman filter

M and W, rill ri22 rmehl rkalf
qull qu22 mehrad kalfil

kfmean
Tee 00 Ty rit1l ri22 rmehl rkalf2
qutall | quta22 mehra3 kalfil2

kfmean?2

| mathematical model || rgeg, model )

Table C.2: Summary of the used MATLAB programs

where M: erosion constant
Ws: settling velocity
Tee! criticel bed shear stress for erosion
Ted” critical bed shear stress for sedimentation

ML: using the Mazimum Likelihood method
Mehra:  using the method of Mehra



PARAMETHIE {NDHG«143)

INTEGER I

REAL R(},1), QM{1,1}, QW(1,1), RAM(2,2), AW(2, z), X(2), XW{2)
REAL X(ZJJ BH(2, 2): PH{2,2), ¥(1}, K(z)r M{z,2)

REAL YDATA (HOBSI, HDATA(NOBS), VOPATA(HOBE)

REAL XHEW(2}, KNEW(2), ENEN{2,2}, mm(z 2}, GNEW(2,2)

REAL HNEW(2,2), TAUB, TAUE, TAUD, TERM

BB eroswan [RFRIGE
[+]

c
OPEN(UNIT=1Q0, FXLE=/CONC’ ,STATUS='OLD/)
OPEN(UNIT=200, FLE='HOOGTE/ , STATUS=’OLD/ )
OPEN{UNITw300, FILE='VOPP2*, STATUS=* LD}
OPEN (UNIT=4 00, FILE~'UITHWL’ , STATUS=/NEY /)
OPEN{UNITmS500 , PILE='EXTRAL! , STATUS=NEW )
READ(100,%, ENDett) YDATA
RERD{ 200, %, ENDatL) HOATH
READ{100, *, ENDwtt) VZDATA
c values
TAUE = 0.4
TAUD = 0,08
R{i,1) = 2,5E-5
M{1,1} = 5B-4
R(1,1) = EE-4
AM(1,1} = 1,0
MM(2,1) = 0.0
2,2) = 1.0
M{2,1) = 0.0
AW(2,2}) = 1.0
Hi{l,1} = 1.0
#i{1,2) = 0.0
M(2,1) = 0.0
M{2,2) = 0.0
[+] initial values
KM{1}) = YDATA{1)
{2} = 2,0E-2
XW{l}) = YDATA(1)
M2y = 3,084
x{1) = YDATA(1)
PM{1,1) = 2.8E~8
BM({1,2) = LE~&
FM(2,1) = 1E-S
PH(2,2) = 4E-8
PH{1,1) = 2.5%-5
PWIL,2) = SB=7
PW(2,1) = 8E-7
PH({2,2) = 1E-8
[
WRITE({400,895958}
WRITE{500,99993)
WRITE{400,99998) 1, 0, * E', ¥M(1), XM(2)}, XW{2}, PM(1,1},
& PH(1,2), putz, }
WRITEuuo 39599) 1. o, * (1), w2y, XW(2), PW{l,1},
W(l,2}, rw(z,
PO 10 I=2, NOBS
¥(1) = YDATA(I)
TAUB = (4. aauvzoma.(:n*u\-\nmmn-nﬂ(-o 30))
IF (7AUB.GE.TAUE) T
< update

XH{1) = X{1}

CALT, mm:.(m,a X1, ¥, M, KNEW, XNEW, ENEW, PNEW)
XM(1) = XNEW(1)
H(2) = XNEW(2)

PH(1,1} = PMEW{1,3)
PH{1,2) = PNEW(1,3)
PM{2,1) = PNEW(2,1)
PM(2,2) = DNEW(2,2)

WRITE{400,99998) I-1, I-1, ' Ef, A1), XM(2), XH{2},
PM(1,1), BM({1,2), PM({2,2).
KNEH(1), KNEW(EI
¢ Pradiction
AM{1, 2) = (TAUB)/(TAUE} ~ 1
CALL KATM2{XM, m)ru,cm +XNEW , HNER, GNEW, PHEW)
1

o

X1} = HNEW(
XM(2) = XNEW{2)
PM(1,1) = PNEW({1,1}
PM{1,2) = PNEW{1,z}
PM{2,1} = PHEW{2,1}
PH(2,2) = PNEW(2,2)

5 PH{1, 2)1 BH(2,2)
x{1) = XM(1}

19
IF (TAUB,LE.TAUD) THEN
[ update
XW(1) = ¥{1)
CALL KALML (PW,R,XW,Y M, KNEW, XNEW, ENEW, PHEW)
1

XM{1l) = XNBW(L
W{2) = XNEW(2
PW(1,1) = PNEW(1,1}
DW(1,2} = PNEW(1,2}
PW{2,1} = PHEW(2,1}
PW(2,2} = DNEW(2,3)

WRITE(400,99998) I-1, I-1, * &7, XW{i), xmz). xw{2),

[ PH(1,1), chx 2, PH(2,2)
[ ENEW(1), RNEW(2)
[ prediction
TERM = (TAUB)/(TAUD) - 1
AW(1,1) = 1 + XW(2)*TERM
AW{1,3) = XW(1) VTERM
CALL RALM3 (XW,TERM, AW, PW, QW , XWEW, HNEW, GNEW , BNEW)
XW{1) = XNEW(1)
XW(2) = XNEW(2}
PW(1,1} = PNEW(1,1)
PH(1,2] = PNEW(1,2)
pw:z.:; = PNEW({2Z,1)
PH{2,2) = PHEW(2,2
WRITRE (500, 99999) I, T=1, ' 87, ¥M(1), XM[2), XW(2),
& BW(1,%) PW(1,2), PW(3,2)
¥{1) = XW{1}
ELSE
WRITE(400,9999¢) I-1, I-1, ' W’, X(1), XM{2}, XW(2)
WRITE(500,99999) I, I~1, * N', X{1), XM(2), Xw(2)
ENDIR
ERDIF
10 CONTINUE

[+
59998 FORMAT (’ k , 'ES*',.C Ok, Y MR/, ' W(k '
. BTN BRIk (e/3) 70

, 13, Az, B¥8.6)

a00n

2
WRITE(500,90999) ¥, I-1, * B¢, XM(1), XM{2), XW(2}, PM(1,1},

nn nooN

a

oo

oon

afn
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SUBROUTINE KALMI (PIN,RIN,XIN,YIN,MIN,KUIT,XUIT, BUXT,PULT)
caloulatas R{k+1},
K{k+l} and P{k+l}

REAL PIN(3,2}, RIN{1,1), QIN{1,1}, XIW(2}, YINW{1), WIN(2,2}

REAL KUXT(2), XUIT{2), EUIT{2,2), PUIT{2,2)

KUL'T{1) = PIN(1,1)/(PEN{1, 1)+RIN(1,1)}

KUIT{2} = PIN{2,1)/({PIN{1,1}+RIN{1,1)}

XUIT(1) = XIN{1} + KUIT(2)*{YIN(1)>XIN(1))

XUIT(2} = XIN{2) + KUIT(2)*{YIN{1}-XIN{1}}

EULT(1,1} = VMEE{BIN,MIN)

EUIT(1,3} = VMET(PIN,MIN)

EUTT(2,1) = VMPE(PIN,MIN)

EUTT{Z,2) = VMTT(PIN,MIN)

PUIT(1,1) = PIN(1,1) ~ VMEE(EUIT,PIN)/{PIN(1,1)+RIN(1,3))
PUET{1,2) = PIN{1,2) - VMET(EUIT,PIN}/(PIN(1,1)+RIN{1,1)})
PUIT(2,1) = PIN{2,1} - VMTE(EUIT,PIN)}/(PIN{l,1)+RIN{1,1))
PUIT(2,2) = BIN{2,2) - VMIT(EUIT,PIN}/(PIN(l,1)+RIN{L,1})
pierd

EN

SUBROUTINE KATMZ (XIN,AIN,PIN,QIN,XUIT,HUIT,GUIT,PUIT)
galculates X{k+1/k} and

PLk+1/k)
REAL XIN(2}, AIN{2,2), prn(z 2), QIN(}, 1), XUIT(2}, HUET(Z,:
REAL GUIT(2,2}), PUIT[ 2

XUTT{3) = VHVECE(AIN,XIN)
XUIT(2) = VMVECT (AXN,XIN)
HOIT{1,1) = AIN(1,1}
RUIT(1,2) = AIN{Z,1}
HUIT{2,1} = AIN(1,2)
BUIT{2,2) = A3H{2,3)
GUIT{1,1) = VMEE(PIN,HUIT)
GUIT(1,2} = VME? (PIN,HUIT)
GUTT(2,1} = VHTE{PIN,HUIT}
GUIT(2,2) = VMTT(PEN,HUIT)
PUIT(1,1) = VMEE{AIN,GUIT} + QIN{1,1)
PUIT(1,2} = VMET(ATN,GUIT}
purriz, 1) = YMIR{ALIN,BHT)
PUIT(2,2) = VMTT{AIN,GUIT}
RETURN

ERD

SUBROUTINE KALM3 (XIN,TIN,AIN,PIN,QIN,XUIT,HULT,GUET, PULT)
cnloulatea A{k+1/k) and
PLR¥FL/K,

REAL XIN{2}, AIN(2,2), TIN, PIN{2,2), Qmu,n, ROLP{2)

REAL HUIT(Z,2), GUIT(2,2), PUIT{2,2}

KUIT(1) w YMVECE(AIN,XIN) - XEN(1)#XIN(2}*PINM

XUIT(2) = YMVECT{AIN,XIN)
HUIT (1,1} = ATH(L1,1)
HUIT(1,2} = AIN(2,1}
HUIT{2,1) = AIN({1,2}
HUIT(2,2) = ATN(2,3)
GUIT(1,1) = VMEE(FIN, BUIT)
GUIT(1,2) » VMEP{PIN,HUIT)
GUIT(2,1) = VMTE(PIN,HUIT)
QUIT(2,2} = VNTT(PIN,RUIT)
PUIT(L,1} = VMEE(RIN,GUIT) + QIN{1,1)
PUIT{1,2) = VMET(AIN,GUIT}
PUIT(2,1) = VMTE{AIN,GUIT)
PUIT({2,2) = VMTT(AIN,GUIT)
RETURN

END

R L L T L T e ST L0 1 T V2 W T
multiply matrices
FUNCTION VMEE(B,D)
REAL B(2,2}, D(2,2}
VMEE = B(1,1)*D{1,1) + B(1,2)%D{2,1)
RETURN

ENb

REAL FUNCTION VMET(B,D)

REAL B(2,2}, D{2,2}

VMET = B(1,1)#D(1,2) + B(3,2)%D(2,2)
RETURN

END

REAL FIRCTION VMTE(B,D)

REAL B(2,2), D(2,2)

VMTE = B{2,1)*D{1,1) + B(2,2)*D{z,1)
RETURN

ENPR

REAL FUNCTION VHTT(B,R)

REAL B{2,2), D{2,2)

VMDT = B{2,1)#D(1,2) + B(2,2)%D(2,2)
RETURN

END

matrvaector
REAL FUNCTIOR VMVECE(R,3Z)
REAL B(2,2), 2Z(2)
VMVECE = B{1,1)*Z{1) + B(1,2)%2(2)
RETURN

ERD

REAL PUNCTION VMVECT(B,Z)

REAL B{2,2), Z(2)

VMVECT = B{2,1}%2{1) + B{2,2}*%{2)
RETURN

END



¢
99998 FORMAT ('
3

5 .
§9999 FORMAT (14,
ERD

anann

PROGRAM
PARAKET

INTEGER X
REAL R(1,1}, QM(1,1), QW(1,1}, AM(2,2), RW(Z,2), XM(2), XW(2)

RERIL X(2), PM([2,2},

!R (HOBL=343)

PW({2,2), Y(1}, K(2), M{z2,2)

REAY, YDATA[NOBS), HOATA(NOBS), V2DATA(NOBS)
REAL XNEW{2), KNEW(2}, ENEW(2,2), PNEW(2,2), GNEW(2,2)
REML HNEW(2,2), TAUR, WDAK, MDAK

OPEN (UNTL'=100, FILE=/ CONC! , SPATUS™’OLD’ }
OPEN (UNTT#200, FILE=' HOOGTE/ , ATATUS='OLD! )
OPEN (UNIT=300, FILE='VQPP2* , STATUS='OLD' )
OPEN {UNIT=400, FILE=/ UITTAU2¢ , STATUS= ! NEW' }
OPEN (UNIT=500, FILEw’ ERBIT2 , STATUS=! REN' )

READ (100, *, ERDutt ) YOATA
READ {200, %, ENDwtt ) HDATA
READ(300, %, END»tt) VZDATA
values
HORK = §,2E-4
WDAK = 0,3E~]
R{1,1} = 2.BE-8
QM(1,1} = 5E=-4
QW(li,1} = SE~4
AM(1,1}) = 1.0
AM({2,1) = 0.0
M(z,2) = 1,0
AW(2,1) = 0.0
AW(2,2) = 1.0
M(L,1) = 1.0
M({r,2) = 0.0
M(2,1} = 0.0
H(2,2} = 0.0
initial values
XM(1) = YDATA{Y}
x(z) = 0.12
xW(1) = YDATA(1)
*w{2) = 0.08
X(1) = YDATA(1)
PM(1,1} = 2,8E=5
PM({1,2} = 3E-4
PM{2,1} = 3E~4
BM{2,2) = 3.6E=3
PW(l,1) = 2.5E-8
MI(1,2) = LE-4
Pw(2,1) = 1E-q
PW(2,2) = 4E~4
.
WRITE(400,999%8)
WRITE(500,99998}

wnx'rr.(-wo 95459 1, 0, ' E,
wnr'rn(-wo 99999) 1, 0, ' &7,

DO 10 I=2,

v(1}
ThUB

x"(llv (2}, AW(2), PH(11),
PH(1,2), PM(2,2

x“fl)- X{2), XW(2), PR{1,1),
W(l 2}, PW[E- )

HOBS

= YDATA(I)
w (4. Bﬁl*VEDATh(I))‘((HDR'I‘A(I}-J.)**(-O 30} )

IF {TAUB.GE.¥M{2)) T

w(

updata

1) “ X{1)

CALL KALMI{PM,R,XH, ¥, M, KNEW, XNEW, ENEW, BNEN)  *

KM (

WRITE(400,99998) I-1, I-1, * Ef,

WRITE(8500,99999) I, I-L,

Xx(1
LEE
I¥

1%
WRITE(400,99999) I~1, I=y, f W

1) = XNEW(1)
?) = XNEW(2)
PNEW(L, 1}
PNEW (1,2}
PNEW(2,1)
EW(2,2)

BN
M o
i ot
1anl

M1}, xn(z), XM},
BM{1,1), EM(l,3), BM{2,?],
KNEW(1), KNEW(2)

reﬁichion

~1) *MDAKSTAUBH nm{z) yau(~2))
4 (M, MDAR, TAUB, A¥, PM, QN , XNEW, HNEW, GREW , PNEW)

KNEW(1)

XNEW (2)

PNEW(i,1)
PNEW{1,2)
PNEW (2,1}
PNEW(Z,2)

llllilllEl

! Ef, ¥M(1), XM(2)}, XW(2}, PN(L,1),
PM(1,3), PM(2,2)
} = XM

{TAUB.LE.XW(2)) THEH

AH{1) = X(1)
CALL KALHJ.(PW R, XW, ¥,H,KNEW, XNEW, ENEW, PNER)
1)

update

-
=
-
™
N -
— —
lllﬂll

W 13 «2)
WRITE(400,99998) I-1, I-1, * §¢, XW{l), XM(2), Xw{2),
W 1, 1), PW(I 2); PW(2,2},
EW ()

KNEW({1), RN
p:edlotion

M{1,1) = 1 + WDAK#{[TAUB) ] {XW{2))-1
RAH(1,2) = (=1)9XW{1} "WOAKETAUBS { (XW(2) )% (=2} )
CALY, KALMS {XW, lim.;m,mun AW, PH, oW, XNEW, EINEW , GNEW , PNER)
XNER
XHEH({2)
PNEW(1,1)
PNEW(1,2)
PHEW(2,1)

PHEM(2),2)
WRITE(500,99988) ‘T, I-1, * 8¢, XW(1), ¥H(2), XW(2},
PW(1,1), PR{1,2), PW{2,3)
x{1)
B

"

=

[

LR

[5)
TEEDRD

= XW({1)

o BV), W), W)

WRITE(600,9999%) I, 1-1, ¥ N', X{1}, XM(2), XW(2)

ENDIF

ENDLF
10 CONTINUE

ki3 or, T8, C(kfR)Y, 0 H[klj)' L 6,75} L
{k/jyrr, 'P(k/j)lz' ‘P(k/j j22
Ki(k) /, *+ R2(k}’}

LY 13,/A2, B¥8.6)

S0 000

Lr]
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o0
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SUBROUTINE KALMI(PIN,RIN,XIN,YIN,HIN,KQIT,XUIT,EUIT, PULT)

caluulacaa X{k+1},
¥(k+1} and P(k+1)

REAL PIN(2Z,2}, RIN{i,1}, RIN{1,1), XIN{2), ¥IN{1), WIN(2,2)
REAL KUIT(2), XUTT(2), EUTT(Z, %), PUIT{2,2)

KUIT{1}

EUIT{2,1)
EUIT{2,2)
PUIT(1,1)
PUIT(1,2)
PUIT(2,1)
PUTT{2,2)
RETURH
END

= PIN(1,1)/(PIN(1, 1}+RTH{1,}}}

w PIN(Z,1}/ (PIN{1, 1) +RIN{L, 1))

= XIN(1) + KDIP(1}k(YIN(1)~XIN{1))

= XIN(2) + KUIT(2}%(YIN(1)-XIN(1})

= YMEE (P1N, MIN)

= VMET (PIN,MIN)

- vngpm,mﬂ)

= PIN(1,1} - VMEE(EUET,PIN)/(BIN(},L)+RIN(2,
= PIN{1,2) - VMET(EULT,PIN}/ (FIN(L,1) +RTH(1,
= PIN(2,1} - VMTE(EUIT,PIN}/{ (PIN(1,1)+RIN{1,
= PIN(2,3) - VMIT{EULT,PIN)/{PIN(1,2)+RIN(3,

SUBROUTINE KALM4 (XIN,MHOED,BTAU, RIN,PIN,QIN,XUIT,HUIT,GUIT, PUT

oaleulates X(k+1/k) and
{K+1/k}

P
REAL XIN(2), AIN(2,2), MHOED, BTAU, pm(a’z), QIN(1,1), XUIT(2
REAL HUIT{2,2), GUIT(2,2), PUIT(2,3)

XULT
XULT
HUIT{1,1)
WUIT{1,%}
HUIT(2,1)
HUIT(2,2)
GUIT(1,1}
GUIT(1,2)
GUIT(2,1)
GUIT(2,2)
PUIT(1,1}
PUIT(1,2}
PULT{2,1}
PUIT{3,2)
RETURM

1)
2)

VMVECE (AIN, XIN} + (2¥MHOED*BTAU)/{XIN{2)} - MHOED
VHVECT (AIN, XIN}
AIN(1,1)

AIN{a, 1)

AIN(1,2)

ATN(2,2)

VHEE (PIN,HUIT)
VMET (PIN,HUIT}
VMEE (PIN,BULT)
VNI (PIN, HUIT)
YMEE{AIN,GUIT)
VHET (AIN, GUIT)
VMTE{AIN, QUIT)
VHMTT (AIN, GUIT}

+ QIN(1,1)

REREIARdsdc HETDA

SUBROUTINE KALMS (XINW,WHOED,BTAU,AIN,PIN,QIN,XVIT,HUIT,GUIT, FUL

oalculatea X(k+1]k) nnd

REAL XIN{2), AIN(2,2), WHOED, BTAU, pm(: z), QIN{1,1), XUIT(
REAL HUIT(2,2}, GUIT(2,2), BUIT(Z,?)

XUIT(1)
XUIT(2)

HUIT(2,1)
HUI'T{z,2)
GUIT(1,1}
GUIT(1,3}
GUIT(2,1}
GUIT(2,2)
PUIT(1,1}
PUIT(1,3)
PULT(2,1)
PUIT{2,2}
RETURN

ERD

= VMVECE(AIN,XIN) + (RIN(1)*WHOEDSBTAU)/(XIN{2)}
= VHVECT (AIN,XIN)
= AIN{1,1)

= AIN(2,1)

= AIN(:,2)

= AIN{2,2)

= VMEE(PIN,HULT}
= VMET{FIN,HUIT)
= VMTE{PIN,HUIT}
= VMPT(PIN,HULT)
= VMEE(AIN,GUIT}
= VMET(AIN, GUIT)
= YMTE(AIN,GUIT)
# VNTT(AIN,GUIT}

+ QIN(1,1)

*iii‘***'***it.i‘*til**t****i*iﬁli‘***ﬂ*‘**i‘**“‘**ﬁ“*ilﬂ*-iiii*

maltiply matrices

FUNCTION v:m:(a D}

REAL B(3,2}, D(2,2}

VMEE = B{1,1}eD(1,2) + B{1,2)%D(2,1)
RETURN

ERD

REAL FUNCTION vua'rca D)

REAL B(2,2), D(2

VMET = B(1, 1)*1:(1 z) + B1,2)%D(2,2)
RETURN

END

REAL FUKCTION VMIE(3,R}
REAL B(2,2), D(2,2)
\ﬂﬂ'ﬁ = Bi2, 1)*’011 1) + Bi2,2)%b{2,1)

END

RERL FUNCTION vn'rr(s D)

REAL B(2,2), D(Z,2)

VMIT = B(2,1)%D(1,2} + B(2,2)%D(2,2)
RETURN

END

mat*vantor

REAL FUNCTION VHVECE(B,Z)
REAL B(2,2), 2
VHMVECE = au..nwzu; + B{1,2)*2{2)

RETURN
END

REAL FUNCTION vuvsc'r(a )

REAL B(2,2), 2(2}

VHMVECT = B(2, 1)!2(1) + B(2,2)%2({2)
RETURN

END



PROGRAM |[RFWCI]
PARAMET §=343)
INTEGER I
RERL R(1,1), QM(1,1), QW(1,1), AM(2,2}, AWU- 1)- (2}, XW(1)
REAL X(2), PM(2,2), PW(1,1), ¥(}), K(2), M(2,2
REAL YORTA(NOBS) , HONTA{NORS), “2DATA(NGRS)
KEAL XNEW(2), KNEW(2), ENEW{2,2}, PNEW(Z,2), GNEW(2,%}
TAUR, TAUE, TAUD, VERM
B qu%v’((z“. sl Bl W
OPEN (UNIT=100 , FYLEa’CONC' , STHTUS= OLD )
GPEN (UNIT=200, FLLE=/ HOOGTE’ , STATUS=/ QL")
GREN (UNTT=300) FILE=/VOPP2 , STATUS=" OLDY )
OPEN (UNET=400, FILE=! UTTHL , STATUE=" NEW' }
OPEN (UNIT=500, FILE=’ QOKHML! , STATUE= NEW! |

READ{100, %, ERD=:t)} YDATA
READR (200, %, END=tt) BDATA
RERD {300, *, ENDwEL) V2DATA
values
TAUE = 0.060
TAUR = 0,069
W = (0.3E-3
R{1,}) = 2.5E=-85
UM{1l,1) = SE~4
Qu({l,1) = SE-4
AM{1,1} = 1.0
MM(Z,1} = Q.0
A¥(2,2) = 1.0
K{1,1) = 1.0
H(1,2) = &.0
M({2,1) = 0.0
n(z2,2) = 0.0
initinl values
¥WM(L) = YDATA(1}
XM{2) o YRRk TOE=T
XW(1) = YDATA(1}
t3 ¢ = YDATA(3)
PM{1,1}) = 2.5E-5
PM{1,2]) = 1E-8
PH{2,1) = 1lE=5
PM{2,2} = 4E-6
PW({l,1) = Z.5E-6
WRITE(400,99998)
WRITE(500,89998)

WRITE(400,99999) 1, 0, ' E’, XM{1), XM({2}, PM(1,1),
& H{},2), PN(Z,2)
WRITE{400,99999) 1, 0, " S, XW(1}, XM{2}, PW(l,1}

DO 10 I=2, NOBS
¥(1}) = YDATA(I

)
ThUB = (4, BJI*VZD}\'{'}\(I})*((HDATA(I) 1) W (~0.30))
IF (TAUB.GE.TAUE) TH

update

¥M{1) = X(1)

CALL XALM1 (PM,R, 00, ¥, N, KNEW, XREW, EREW, PNEW)

*M(1) = XNEW(})

{2} = XNEW(2)

PH{l,1) = PREW{1,l)

PM{1,2} = PNEW(1,2}

PM(2,1} = PNEW(2,1}

PM{2,2) = PHEW(2,2)

WRITE(400,99999) I-1, I~1, ¢ B/, XM(1), JM{2), XUTti
& PM{1,1), PM(1,2), PM{2,2),
& KHEW (1), KNEW(2)

pradiction

AM(1,2) = (TAUB)/(TAUE) - 1

CALL KALM2 (XM, hM,PH, G, XNEW, HNEW, GREW, PNEW}

Ly - EWI )

XM(2} = XNEW(2)

FH(1,1} = PHEW(1,1)

PM(1,2) = PNEW(1,2)

PM(2,1}) = PNEW(2,1)

PM(2,2) = PNEW{2,2)

WRITE(500,592999) I, I-1, * Ef, ¥®{1}, XM{2), BM(1,1).
& PM(:L 2), PH[!

x{1) = KK{1)

IF (TAUB.LE,PAUD) THEN
update
CALL KALM11([PW,R,X,Y, mswrmm BHEN)
Wi} = XNEW(L}

2N
PU{1,1) = PMEW(1,1f , Vv

WRITE(400,99999) I-1, I-1, * 8¢, m(n%wn,n, KNEW(1}

prediotion
VERM = Wh{[TAUB} / (TAUD) ~1)

AW(1,1) = 1 + VERM

CALL KALMN12 (AW, XW, BW, OW, ¥HEW, PNEN)

XW(1) = XHEW(L ) by
PW(1,1) = PNEW(1, .

WRITE (800,39999) !.. I-1,

*o8r, ¥M{Y} ,VPRu(l,
%(1) - ¥R(1) ] {1} {1,1)

ELSE
WRITE{400,99999) I-1, Y1, * w K1)
WRITE(500,99999) I, I-1, * %(1)
ENDIF
ENDIF

10 CONTINUE

99998 Fum»wr (' Rejd o4, tRSC, O CrkfEye, f 0 M(R/TYC,
!:1111 ' 'P(Kljil‘—“ ‘P(kl:ll 227,
i Ki{k) *, * K2(k)
99999 FORMAY (n. t}t, 13, hz, '.rra &)
END
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SUBROUTENE KALM1 (PIN,RIN,XIN,VIN,MIN,KUIT,XUIT, BUIT, PUTT)
calculates xtk+1),
Kik+l} and Pik+rl)

REAL PIN(2,2), RIN(1,1), QIN(1,1), XIN(2), YIN(i}, MIN(2,2)

REAL KDYT(2), XUIT(2), FOIT{2,2), PUIT(2,2)

KUIT(1) =~ PIN{1,1)/{PIR(I,1)+RIN{}, 1]}

KUIT(2) = PIN(2,1)/(PIN(1,L)+RIN(},1))

XUIT(1) = XIN(1) + KUIT{1)*(¥IN(1)-XIN(1))

XUIT{2} = XIN(2) + KUIT{2)*(YIN(1)~XIN(1})

EUIT({1,1) = VMEE(PIN,MIN}

BUTT(1,2) = VMET{PTN,MIR)

EUIT(2,3}) = VMTE(PIN,MIN)

EUIT{2,2) = VMTT(PIN, MIN}

PULT(1,1) = PIN(X,1) - VMEE(EUXT,PIN}/{PIN{1,1)+RIN(1,1))

oo

on

0ooono 0

an

PUTT(1,2) = PIN(1,2) ~ VMET({EUIT,PIN)/{PIN(1,1}+RIN{1,1})
PUIT(2,1) = PYN{2,1) ~ VMTE(EUIT,PIN]/(PIN(1,1}+RIN{1,1})
PUIT(2,2] = PIN{2,2) - VWIT(EULT,PIN}/{PIN{1,1}+RIN{1,1}}
RETURN

END

BUBROUTINE KALM2 [XIN,AIN,PIN,QIN,XULT,HUIT,GULT, PUIT)
caleulates A(k+1/%) and
P{k+1/k)

REAL XIN(2), AIN(2,2), PIN(2,2), QIN{i,1), XUTT{2}, HUIT({2,2)

REAL GUIT(2,2}, PUIT(2,2)

¥UIT{1) = VMVECE(AIN,XIN)
XUIT(2) = VMVECT(AIN,XIN)
HUIT{1,1) = AIN{1,1)
HOTT{1,2) = RIN{Z,1)
HUIT(2,1) = ATH{1,2}
HUIT(2,2) = AIN(2,2)}
GUIT({1,}) = VMEE(PIN,HUIT)
GUIT(1,2) = VMET{PIN,HUIT)
GUIP{2,1) = VMLE{PIN,HUIT)
GUIT(%,2) = YWPT{PIN, HUIT)
PUIT(1,1) = VMEE(AIN,GUIT) + QIN(1,1)
PUIT(1,2) = VMET{AIN,GUIT)
BUIT(2,1) = VMTE(RIN,GUIT)
PUIT(2,2) = VIT(AIN,GUIT)
RETURNH

ERD

SUBROUTINE XALM1l({PIN,RIN,XIN,YIN,XUIT,XUIT, PUIT)
calculataes X{k+l),
K{k+1) and PF(k+1)
REAL PIM(%,1}, RIN{1,1), XIN(1}, YIN(1), KUIT(1), XUIT(1)
REAT, PUIT(L,1)

FOETT{L) = PIN(L,1)7 (PINEL, 1)4RIN(L, 1))

XUIT({3) = XIN(1) + XUIT{1)*(YIN(1)~-XIN(1))

PUIT{1,1} = PIN(1,1) - (PIN(1,1}*PIN{1,1)}/ Pmu,nmmu,ln
REPURM

END

SUBROUTINE KALMLZ (AIN,XIN,PIN,QIN,XUIT,PUIT)
calculutea ¥(k+1/X} and

7k}
REAL XIN(1), AYN(1l,1}, PIN(1,1), QIN{I.l), X0IT(1), PUIT{.1}

XUIT(Y) = AIN{IL,L)*XIN(1}

Pux'ru 1} = AIH(1,2)*PIN(L,2)*AIN{1,1) + QIN{1,1)
RETURK

ERD

AW h Ak kAW Rk RN A AR RA AR R A AR AR AR ARk kk o dehdd

multiply matyices
FUNCTION VMEE(B,D)
REAL B(2,2), D{2.2)
YNER = B{1,1)*D{L,1) + B{1,2)*D(2,1)
RETURN

END

REAL YUNCTION VMET(B,D)

REAL B(2,2), D(2,2)

VMET = B{1,1)%D(1,2) + B(1,2}*D(2,2)
RETURN

END

REAL FUNCTION VMTE(R,D}

REAL B(2,2), (2,2}

YMTE » B{2,1}%D{1,1) + B(2,2)*D{2,])
RETURN

END

REAL FUMCTION VMTT(B,D)

REAL B(2,2), D(2,2)

VMTT = B{a,1)*D{1,2} + B(2,2)*D{2,2)
RETURN

END

matrvector
REAL FUNCTION VMVECE(BR,Z)
REAL B{2,2), 2(2)
VHVECE = B{1,1)%2(1) + B{1,2)%Z({2)
RETURN
END

REAL FUNCTION VHVECT(B,Z)

REAL B{2,2), 2(2}

VMVECT = B(2,1)%2(1) + B(2,2)%Z(2)
RETURN

END
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PROGRAM
PARAMET! =343}

INTEGER ¥

REAL R{1,1), QM{1, 1) QW(:. 1), AM(2, 2). nwu.,lj, XM{2}, XW(1)
REAL X(2}, PM(2, 2§, Pu(1 EARELC 1o K{2}, MAT(2,2)

REAL vna'mwoam . HOATA (NORS) , vamm(noas

REAL XNEW(2), KNEW(2), ENEW({2,2), PNEW(2,2), GNEW(2,2)

REAL HNEM(2,2), TAUR, TAUG, VERM, W, ¥

OPEN (UNIT=100, FILE='CONC! , STATUS='0LD! )
OPFEN (UNIT=2Q0, FILE='HOOGTE' STATUS=’ OLD? )
OPEN (UNIT=300, FILE=‘VOPP2/ , STATUS=" QLD }
OPEN{UNIT=400, FILE=/UITTEY ' STATUS='NEW’ )
OPEN{UNIT=EQD, FILE=’OCKTE7 !, BTATUS=" HEW! )

READ(100, %, ENOwEL) YDATA
RERD {204, ® , ENDatt) HDATA
READ (300, %, END=tt) V2OATR
values

= 0.18-3
TAUD = 0.06

= 0.3B~3
R({1,1) = 2,%E-8%
QH{1l,1) = SEE~4
QH(1,1) = 5E-4
ax(1,1} = 1.0
33[2,13 - 0.0
AH{2,2) = 1.0
MAT(1,}) = 1.0
MAT({1,2) = 0.0
MAT(23,1) = 0.0
MAT(2,2) = 0.0

initial values

XM{1) = YDATA{1)
XMi2) = 0.07
XW{L} = ¥DATA(1)
X{3} = YDATPA(1}
PM{L,1) = 2,8
PM(1,2) = 3E-4
PH(2,1) = 3E-4
PM(2,2}) = 3.6E~]
PU(l,1}) = 2.BE~5
WRITE(400,99993)
WRITE(500,99998)

WRITE(400,59999) 1. 0, ¢ B, XM(1), {2}, PM(1,1),
PM{1,2), mua, )

¢ KW(L), M2}, PW(1,1)
DO 10 I=2, NOBS

¥(1) = YDATA(I)
TAUBR  m (4. aauvzm'm\unt((uaa'racn-:.)n( 0,30}
IF (TAUB,GE.XM(2})

ML) m X{1)
CALTL, mm(méwr(t,))m,v JMAT, KNEW, XNEW , ENEW, PNER)

XM(1)
FNEW{2)

PHEW(1,1)

PHEW(1,2)

' PNEW(Z,1)

PM(2,2) = PNEW{2,2)

WRITE(400,89998} T-1, 1-1, * 7, XM(3), WM(2),

PM(1,1), PH(J. z), BM(2,2),
KNEW({1), KNEW(2}

update

o

=

S

-

- u-

-
ot e
ixr l

LN

prediction
AM{1,2) = (-1)*H*Tam*((mt2”n( 2))
CALL KALM4 {XM,M, PAUB,AM, PM,QM, xneu,tmm GHEM, PREW)
XM(1) = INEW{1)
XM{2) = XNEW(2)
PM{1,1) ~ BNEW(1,1)
PM(1,2) = PHEW(1,2)
PH(2,1} = PNEW(2,1)
PM(2,2) = PNEW(Z2,2}
WRITE(500,99999) I, I-1, ¢ Bt ¥M(1), XM(2), PM{1,1),

& PH(1, 2), PH(E,Z)

{1} = XM{1)
EL3E
IF {ThUD.LE.TAUD) THER
updatea
CALL KALM11{PW,R, X,V XNEW, XNEH + PNEW)
XW(1) = XNEW(1)
PW{1,1) = BNEW(1,1)

WRITE(400,95988) 1-1, =1, ¢ &r, XH(1), XM(2), PW(1,1), KHEW

radieti

VERM - W*((TBUBH(TWD)—I)
AW{1,1) = 1 + VI
CALL XALM12 (AW, XW BW, QW, XNEW, PHEW)
W1y = XNEW(1)
VRITE {500,99999) 1, I-1, ! 8

- 1, 1
%(1) bkt ' XW(l), XM(2), PH{1,1)

ELSE
WRITE{400,99958) I-i, I-l, ’ N' X{1}
WRITE(500,99990} I, T-1, ¢ xt:;
ENDIF

ENDIF
10 CONTINUE
[
99598 FORMAT (¢ k
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SUBROUTINE KALM1 (PIN,RIN,XIN, YIN, HIN,KUIT, XUIT, EULT, PULT)
e T3
+1) and P(k+l)
REAL PIN(2,2), RIN{1,1}, QIN(1, 1), XIN(2 YIN{1 MIN(Z,2
REAL KUIT(2), ¥UtT{2], BOIT(2, z),'pux-r(z)i (), KINe2,2)

KUIT{1) = PIN(3,1)/(PIN(1,2)+RIN{1,1))

KCIT(2} = PIN(%, 1)I(PIN(1,1]+RIN(1 1£

XUIT(A} = x:mm + ROTT(LL R (YINGL) S¥IN(1YY

XUIT{2) = NIN{2) + mrw(a)t(vmm-xmun

EUIT(1,1) = VHEE(DIM,MI

RUIT{1,2} = VME?{PIN, amu

EUIT(2,1) = VMDE(PIN,MIN)

EUIT(2,2) = VHTT(PIN,MIN)

PUIT(1,1) = PIN({1,1) =~ VHEE(EUXT,PIN)/(PIN(1,1)+RIN(1,1}}

0

o o o a0

aoon

PUIT(1,2) = PIN(1,2) - VMET(EUIT,PIN)/(PIN(1,1)+RIN(L1,1)}
PUIT(2,1) = PIN{2,1} - VMTE(EUIT,PIR)/(PIN{1,1)+RIN{1,1})
Pux'r(z 3) = PIN(2,2) = VMIT{EUIT,PIN)/(PIN{1,1}+RIN(1,1)}

EHD

SUBRQUTINE WATMA {XI4,WIN, BEAY, AIN, PIN, QIN, 01T, HOIT, GUIT, PUTT)
calculatas X(k+1/k) and
P(k+1/k)

RERL XIW{2}, AIN(2,2), MIN, BTAU, PIN(2,2}, QIN{1,1), XUI®(z)

REAL HUIF(2,2}, GUIT(2,2}, PUIT{2,2)

XUXP(1) = YMVECE(ATN,XIN) + (2%MIN#BTAU}/(XIN(2}) - MIN
XULT(2) = VMVECT{AIN,KIN)

HUIP(1,1) = ATIN(L,1)

HUID(1,2) = AIN(Z,1}

HULP(2,1} = AIN{1,2)

HUTT{2,2} = AIN(2,2)

GUIT{1,1} = VHEE(PIN,HUIT)

GUIT(1,2} = VMEP(PIN,HUIT)

GUIT(2,1} = VMTE({PIN,NUIT)

GUIT(2,2} = VMIP(PIN,HUIT)

BUIT(1,1} = VMEE(AIN,GUIT) + QIN(1,1)
PUIT(1,2) = VMET(AIN,aUIT)

PUIT{2,1} = VMIE(AIN,GUIT)

PUIT(2,2) = VMTT{AIN,GuTT)

RETURN

END

SUBROUTENE KALMAL(PIN,RIN,XIN, YIN,KUIT,XUIT,PULT)
cnlculatas Xik+1) ,
{k+*1} and P(k+1})
REAL PIN(1, 1), RIN(1,1), XIN(1), YIN(I}, KUIT(1}, XUIT(1)
REAL PUIT(1,1)

KUIT(1) = PINE:L +1/ (PIN(3,1)+RIN(L, 1))

XUIT() = XINGEL) + NUTPi2)% (YIN(1)-XTH(L))

gtzri'r(x,n = PIN(1,1) - (PIN{1,1)*PIN(1, 1)1m=mu. 1}+RIN(L, 1)}
END

SUBROUTINE KALMAZ (AIN,XIN,PIN,QIN,XUIT,PUXT)
caloulates X(k+1/k) and
/%

F{k+1/k)
RERL: XIN{1), AIN{1,1), PIN{1,1), QIN(1,1}, XUIT(l), BUIT(1,1)

KUIT{1) w AIN(L, 1) #XIN(1)
PUIT{1,1} = AIN(1,1) *PIN(i,1)%AIN(1,1) + QIN(1,1)
RETURN

END

WRERR AR AR R AT AR AR R R AR AR R AR AR R AR RN R R R R AN AR AN Rk ky

multiply matricas
FURCTION VMEE(R,D}
REAL B{2,2), D{2,2)
VHEE = B{1,1}*D{1,1) + B[1,2)%D(2,1)
RETURN

END
REAL FUNCTION \mm'(n D}
REAL B(2,2), D(2,2
VHET = B(1, 1)*Df1 2) + B(1,2)%D(2,2}
RETURN ,
END
REAL PUNCTION vu'.t'zta D)
REML B(2,2), D{2,
VNTE = B(2, u*b(l 1) + B(2,2)*D(2,1)
RETURN
END
REAL FUNCTION YMTT(B,D)
REAL B(2,2), D{2,2)
VHTT = B{z,1}%D(1,2} + B(2,2}%DB(2,2)
RETURN
EHD
matwyecter
REAL FUNCTION VMVECE(B,Z2)
REAL B(2,2), 2(2)
VHVECE = 5(1,1)'2(1) + B3, 2)*E{2)
RETURN
END
REAL FUNCTION VMVECT(B,Z)
REAL B(2,2), 2{2
VHVECT = B(2,1)%7{1} + B{2,2})%E(2)}
HETURK

END



PROGRAW {KFTEH
ARMMET 8=701) ENDIF

10 CORTINUE
INTEGER I

<
REAL R(1,1}, Q¥{1,3}, GQW{1,3), RM{3,), AW{1,1), XM(3}, XW(1) B9998 FORMAT {* K/ ¢, 7ES',¢ ¢(k/3)*, © Tealks)', © M(k/ y '
RERL X(1), PM(3,3}, PW{1,1}, ¥(1}, K(3), MAT(3,3) 4 ' M/Tce ‘v Ki{k)', ' Ka(k}’, ' 1‘(3':;1;‘; )
REAL YDATA(NOBS) , HDATA(NGBS), V2DATA{NOBS) 99999 FORMAT (I4, /¢, I3, A2, 7Fd.6)

RERL XWEW(3), KNEW(3), ENEW{3,3), PNEW{3,3)}, GNEW(3,3) END

REAYL, XNOV(1), KNOV(1), PNOV(1,1} ¢

REAL HNEW(3,3), TAUB, TAUD, W, TAHD, TERM, VERM C Hbdew kA AR R AR AR s MR R Ak RV R WA AR o ook ek ok ke ook

OPEN (UNIT=100, FILE=CONC’ , STATYS=/ LB )
OPEN (UNIT=200 , FILE=’ H00GTE/ , STATUS’ QLD }
OPEN {UNIT=300, FILE=/VGPP2 ¢ , STATUS=/ OLD )
OFEN{UN1T=400, FILE='TEM1’ , SPATUS=’ NEW/ }
OPER (UNITn500, FILE=RESTY ¢ , STATUS=/ NEW/ )
READ(100, *, END=tt) YDATA c
READ (200, #, ERD=tt) HDATA

SUBROUTINE KALT11(PIN,RIN,XIN,YIN,HMIN, KULT,XulT, 03T, PUTT)
calculates X{k+1},
K(k+1) and P({k+1)

RERL PIN(3,3), RIN(1,1), XIN{3}, YIN(Ll), MIN{3,3)

RERL KUIT{3}, XUIT(3), EUIT(3,3}, PUIT(3,3)

on

KUIT(1) = PIN(l,:I.),'(FIN(l,l)ﬂiIK(-‘l,l))
RERD (300, %, EHP=tt) V20ATA KUIT(2) = PIN(2,1)/(PIN(L,1}+RIN{1,1}}
valuse KUIT(3}) = PIN{3,1)/(PIR{1, 1}+RIN{1,1}}
W & 0,381 AOIT(1) = XIN(L) + KUIT(1)#(YIN(1)~RIN(1)}
TAUD @ 0,08 AUIT(2) = XIN(2) + KUIT(2)»(YIN(1}-XIN{L))
R(1,1} = 2,5E~5 KUIT(2) = XIN(3) + KUXT(I)*(YIN(L})-KIN{1)}
QH{1,1) = SE-4 EUIT(1,1)} = V3IMEE(PIN,MIN)
QWil,1) = sE-4 EUIT(1,2} = VIMET(PIN,MIN)
AM{l,1} = 1,0 EUIT(1,3) VIMED(PIN,MIN)
AM(2,1) = 0.0 EUIT(2,%) = VIMTE(PIN,MIN)
AM{2,2) = 1.0 EUIT(2,2) = VIMTT(PIN,MIN}
AM(2,3) = 0.0 EUIT(2,3) = VIMNTD{PIN,MIN)
AM{3,1) = D.D EUIT(3,1) = V3MDE(PIN,MIH)
AM[3,2) = 0.0 EUIT{3,2) = ViMDT(PIN,MIN)
AM{3,3) = 1,0 EUGIT(3,3) = VIMDD{PIN,MIN}
MAT(},1} = 1.0 PUIT(1,1) > PIN(1,1) - VIMEE{EUIT,PIN)/(PXN(1,1)+RIN(1,1)}
MAT(X,2) = 0,0 BUI¥(1,2) = PIM(1,2) =~ V3IMET(REUIT,PIN)/(PIN{1, L} +RIN{1,1})
MAT{1,3) = 0,0 PUIT(1,3} = PIN(1,3} - VIMED{BUIT, PIN)/(PIN{1,1}+RIN(1,1})
MAT(2,1) = 0.0 PUIT(2,1) = PIN(2,1} ~ VAMUE(EUIT,PIN)/(PIN(1,1)+RIN{1,1})
MAT(2,2) = 0.0 PUIT(2,2} ~ PIN{2,2} ~ VAIMPT{EUIT, BIN)/{FIN{1,1)+RIN{1,1))
MAT(Z,3) = 0.0 PUIT(2,3) = PIN(2,3) =- VAMID(EUIT,PIN)/(PIN(1,1)+RIN(1,1))
MAT(3,1} = 0.0 PUIT{3,1) = PIN(3,1} - VAMDE{EUIT,PIN)/(PIN{1,1)+RIN(1,1))
MAT{3,2) = 0.0 PUID(3,2) = PIN(3,2) - VIMDT(EUTT, PIN)/ (PIN{1,1)+RIN(1,1))
MAT{3,3) = 0.0 PUIT(3,3) = PIN(4,3) - VIMDD(EDIT,PIN}/(PIN{1,1)+RIN(1, 1))
injtial values RETURN
XM(L) = YDATA{L) END
AM(2) = (.08 C
M3} = 0.1E=3 SUBROUTINE KALP12 (.\IN.XIN,TIN,PIN,QIN.KUI'!,R\SIT,GUTLT,PUIT)
{1 = YDATA{L) c calculatas A{k+1/k) and
X{1) = YBATA(1) c P (k+1/%)
PM{1,1) = 2,5E-5 REAL AIN{3,3}, XIN(3), TIN, PIN(3,3), QIN(1,1)
PM{1,3) = aB-4 RERL XUIT(3), RUIT(3,3), GUIT(3,3}, BUIT(3,3)
PM(1,3) = 1E~8 [
FM(2,1) = 3E~4 XUIT(1) = VMVIE{AIN,NIN) + TIN
PM(2,2) = 3,6E-3 XUIT(2) = VMVIT{AXN, XIN)
PM{2,3) = 1,2E-4 XUIT({3} = VMVID{AIN,XIN)}
P{3,1) = LE-S HUIP(1,1) = AIN{1,1}
PM{3,2) = 1.2E~4 HUIT{1,2) = AIN{2,1)
PM{3,3 w» 4E=6 HUIT(1,3) = AIM{3,1}
PH(1,1) = 2,5E-5 HUIT(2,1) = AILN{1,2)
HUIT(2,2} = AIN(Z,2)
WRITE (400, 99998) HUIT(2,7} = AIN{3,2)
WRITE(500,909098) HUIT(3,1) = RIN(L,3}
WRITE(400,99998) 1, 0, ¢ Ef, XM(1}, XM{2}, XM(3), XM(3)/3M{2} BUIT(3,2) = AIN(3,2)
WRITE(400,89099) 1, 0, * 8¢, XW{l}, XM(2}, ¥M(3}, XM(3}/XM({2) AUIT{3,3) = AIN{3,3)
QUIT(1,1) = VIMEE(PIN,HUIT)
Do 10 I=2, NOBS GUIT{1,2) = V3MET{PIN,HUIT)
GUIT(.I.,:!; =« VIMED(PIN, HUIT)
vl = YDATA(I) GUIT(2,1) = VIMTE(rin,nuiL)
'm(mza = (4,831%U2DATA (I} )} A ( (RDATALL) =1) %% (=0.30)) GUIT(2,2) = VINTT(PIN,HUIT)
IF {TAUB.GE.XM(2)) THEN GUIT(2,3} = V3MTD(PIN,HUIT)
update GUIT(3,1} = VIMDE(PIN,HUIT)
X(L) = X(1) GUIT(3,2) = YIMDT{®IN,HUIT)
CALL KALTL1(PM,R,Xd,¥,MAT, KNEW, INER, BNEW, PHEW) GUIT{3,3) = VIMDD({PIL,HUIT)
ML) = XNEW(1) BUIT{3,1} = VIMEE(AIN,GUIT) + QIN(1,1)
XM{z) = XNEW(2) PUXIT(1,2} = VIMET(AIN,GUIT)
XMf3 = XNEW{3) PUIT{},3) = V3MED{AIN,GUIT)
PM({1,1) = PNEW(1,1) PUIT{2,1} = VIMTE(AIN,GUIT)
PM({1,2) = PNEW(1,2) PULT(I,2) = VIMTY(AIN,GUIT)
PM(1,3) = PNEW(1,3) PUIT(2,3) = VIMTD{AIN,GUIT)
PM(2,1) = PNEW(Z,1) PUIT(3, 1] = VIMDE(AIN,GULT}
PHi2,2) = PNEWL2,2) PUIT{3,2) =~ VIMDT{AXN,GUIT)
PM{2,3) = PNEW(3,1) BUIT(3,3) = V3MDD{AIN,GUIT}
PM(3,3) = PNEW(,1) RETURN
PM(3,2) = PNEW(3,2) END
PM{31,3) = PNEW(3,3) c

WRITE{400,99898) I-1, I-1, ¢ E¢, XM{1), XM(2}, XM(2), SUBRQUTINE KALTZ].(PIN,RIN,KIN,YIN,KUI‘J‘,KUIT,PUIT)

XM(3)/XM(2), KNEW(1), KHEW{2)}, KNEW(3) I caloulates X{k+1),
prediction c Kik+l} and P(R+l}

TERM = ({2 ATRUBY J (XH(2)) REAL PIN(1,1), RIN(1,1), XIN{1}, YIN(I1)

AM(1,2) = ((=L1)*TERM)/(¥M(2}) REAL KUYT{1), XUIT(1), PUIT(1,1}

AM(1,3} = (TAUB)/{XM(2)) - 1 <

CALL KALT12 (AM, XM, TERM, FM,QM, XNEW , KNEW, GREW, PREW)} KOIT(1) = PIN(1,1)/(PIN(1,1)+RIN{1,1))

XM(l) = XNEW(1) HUIT(1) = XIN(1) 4 KUIT{1}#(YIN{1) ~ KIN(1})

XM(2) = ANEM(2) PUIT(1,1) = PIN(1,1) ~ (PIR(1, 2} #PIN(L, 1)}/ {PIN{1,1) +RIN(1,1)

¥M(3) = ANEW(3) RETURN

PH(1,1) = ;:gww(i.;) c ERD

Eﬁﬁi:i} - pnzwi:.:s; SUBROUTINE KALT22 (AIN,XIN,PIN,QIN, XUIT, PUIT}

PM{2,1} = PNER{2,1) ¢ caloulates X(k+1/k) and

BM{2,2) = PNEW(2,2) c P (k+1/k)

PM(2,3) = PNEW(2,3) RERL AIN{1,1}, XIN(1}, PIN{1,1), QIN(1,1)

PM(3,1) = PNEW(3,1) REAL XUIT(1}, PUIT(1,1}

PM{3,2} = BNEW(3,2} . c

PM{3, 3} =~ PREW(3,3) HUIT(1) = AIN{1,1)#XIN{1)

WRITE(500,99999) I, I-1, * Ef, XM{1), XM(2}, XM(3}, PULT(L,1} = AYN{L,1)+PIN{1,1)*AIN{1,1) + QIN(1,1)

& M3} /XH(2) RETURN
H(1) = KM(1) o END
ELSEF (!‘.M.TH-LE-TNJD) THEN [+ nttnnii*n**w*t*tt*l&*tnnﬂnNrttitttvmwtttwt*itittitti\lti*tittuwtt*

c

multiply matrices

update
CALL KALTa1(PW,R,XW, Y, KNOV, XNOV, PNOV)
XHW{1) = XNOV(1)
PW({1,1) = PNOV{1,1)
WRITE(400, 90808} I-1, T-1, ' S7, XW(1l), XM{2)}, XM(3),
XM(3) /¥m(2), KNOV(1)
pradiction
VERM = W& ((TAUB}/ (TAUD) -~ 1)
J\W(l,l} @ 1 + VERM
CALL KALT22 (AW, %W, PW, QW, XNOV, PROV)
XW(1) = ¥HOV(1)
PH(1,1} = PNOV(1,1)

WRITE{500,99998} I, T-1, ¢ a¢ W1}, WM{2), AM(3),

XM(3) /am(2}

*¥(2) = XW(1}

E

WRITE({400,99992) I-1, I-1, ' N’/ 6 X{1), XM{2}, XM(3),
XM{3) /XM{2)

WRITE(500,995998} I, T=1, ' N¢, ¥(1), XM(2}, xM(1),
K1) /x(2)

ENDIF

FUNCTION V3MEE(R,D}
REAL B(2,3), D(3,1}

VIMEE = B{1,1)#D(1,1) + B{1,2}*D({2,1} + B{1,3)%D(3,1}
RETIRN

END

REAL FUNCTION VIMET(B,D)

REAL B{3,3), P(3,3)

VIMET = B{1,1)*D(1,2) + B{1,2)*D(2,2) + B{1,3)%D(3,2)
RETURN

END

REAL FUNCTION ViMED(E,D)

REAL B(3,3), D(3,3)

VIMED = B(1,1)%D(1,3) + B(1,2)%D(2,3} + B{1,3}wd(3,3)
RETURN

£ND '

RENL FUNCTION VIMTE(B,D)
REAL B(3,3}, D{3,3)
VIHTE = B(2,1}%D(1,1) + B(2,2)*D(2,1) + B{2,3}+D(3,1)



99998 FORMAT (# k *,

RETURN !
END .

REAL FUNCTION VIMIT(B,D)
REAL B{3,3), D{3,3)

VIMPT = B{2,1)%D{1,2) » B{2,2)D(2,2) + B(2,3}%D(3,2}
RETURN

END

REAL FUNCTION V3MTD(B,D)
REAL B(3,3}, D{3,3}

VIMTD = B(2,3}*D{1,3} + B(2,2)*D{2,3} + B(2,3)*D(3,3)
RETURN

END

REAL FUNCTION VIMDE(B,D)
REAL B(3,3), D{3,3)

VIMDE =~ B(3,31}*D{1,1) + B(3,2)%0({2,1) + B{3,3)*D(3,1)
aﬁm*um:

END

REAL FUNCTION V3IMDT(®,D)
REAL B(1,3}, D{1,3}

VIMDT = B{3,1)%D(1,2) + B(3,2)}%D(2,2) + B(3,3}*D(3,2)
RETURN

EHD

REARYL, FUNCTION V3MDD(B,DN
REAL B{3,2}, D(3,3)

VIMDD » B{3,1)%D{1,3} + B(3,2)%0{2,3) + B(3,3}+D(3,3)
RETURN

END

mattyector
REAL FUNCTION VMVIE(B,Z)
REAL B(3,3}, Z(3}
VHVIE m B, X)%2({1) + B(L,2}%E(2) + B(1,3)*3(d)
RETURN

END

REAL FUNCTION VMVIT(B,Z)

REAL B(3,3), 2Z(3}

VMV3IT = B(2,1)%2(1) + B(2,2)*2(2) + B(2,3)*2(3)
RETURN

END

REAL FUNCTICH VHV3D(B,Z)

REAL B(3,3), 2(3)

VMVID = B(3,1)%2{1) + B{3,2)%5(2) + B(1,3)}*E(3}
RETURN

END

PRDGEJH{{EEEEEE!
PARAMMETER (NORE=341)

INTEGER T

REAL G(1), CWEM{l), TERM, VERM

REAL CODAT, HDATA(NOES), VIDATA(NOBS}
REAL M, W, TAUD, TAUE

OPEN (UNYT=100, FILEw’C0’ , STATUS:! OLD* )
OPEN {UNIT=200, FILE«HOOGTE' , STATUS=" OLD" )
GPEN (UNTT=300, FILE=VODPPA/ , STATUS= QLD )
OPEN (UNIT=400, FILE=’MOD1/ , STATUS= NER' )
READ {100, *, END=tt) CODAT

READ {200, % , ENDwtt) HDATA

READ{100, & , EAD=tt ) V2DATA

H 0.2E=4

W G.3E-3
TAUD = 0,058
TAUE = 0.061
€1}

CODAT

WRITE (400, 19998)
WRITE(400,999%98) 0, *..', C{1}

PO 10 I=2, NOBS
TAUB = (4,83L%VIDATA{X) )} * ( {HDATA (I} =1) %+ (-0,38)}
IF {TAUB,GE.TAUE) THEN
TERM = M* { {TAUBTAUR) -1}
CALL EROSIE{C, TERM, CNEW)
G(1) = CNEW{1}
WRTTE{400,98559) I-X, ’ Bf, &(1), TERM
LSE

IF (TAUR.LE.TAUD) THEN
VERM = H*({{TAUB/TAUD}=1)
CALL SEVIIE{C, VEWN, CHEW)
©{1) = CNEW(1}
swnstuoo.sssss) I-1, * §7, ©(1), 0.0, VERM

valueq

ELSE
WRITE(400,99999) I-1, * N7, ©(1)
pIPR

ENDIF
10 CONTIWUR

'ESC, * C(k) ¢, ¢ TERM ¢, ' VERM /}

99999 FORMAT (X4, A2, I¥B.6)
END

4
¢
¢
4

1

ERIEL LIRS e g ety e e S Y S T 2 T ]
SUBROUTINE EROSIE{CIM,TEN,CUIT)
REAL CIN(1), TIN, CUIT(l)
CUIT(1) = CIN{1}+TIN
RETURN
END
SURROUTINE SEDTIE(CIM,VIN,CUIT)
REAL CIN{1), VIN, CUIT(1)
CUIT(1) = CEN{1)%(1+VIN)
RETURN
EHD

e
PROGRAM ‘!xmrm-: l
PARAMET 701)

INTEGER I
REAL R(1,1), QM(1,3), QW{l,1)}, AM{3,3)}, AW{Ll,1}, XM(3}, XW(l}
REAL X(1), PM{3,3), PW(L,1), ¥{1), K{(3}, MAT{3,3}

REAL YDATA(NOBS), HDATA(HOBS), V2DATA(NOBE)

REAL XNEW(3), KNEW(}), ENEW(3,3), PMEW(1,3}, GNEW(3,b3)

REAL XNOV(1}, KHOV{1), PHOV(1,1)

REAL HHEW{3,3), TAUB, TAUD, W, TERM, VERM

QPEN (UNIT=100, FILE=CONC! , STATUS=* OLD' }
OPEN (UNIT=200, FILE='HOOGTE' , STATUS=*OLD*
OPEN (UNIT=300, FILE="VOPP2’ , STATUS =’ OLO’)
OFEN (UNIT=400, PILE="HTEML’ , STATUS=* NEW* )
OPEN (UNIT=600, FILE='HREST1/ , STATUS= ¢ NEW' )
READ{100, *, END=tt) YDATA

READ (200, *, END=tt )} HDATA

READ(300, *, ERD=tt) VZDATA

valuaes

W = 0.3E-3
TAUD = 0,06
R(1,1) = 2.8E-5
®Mi1,1) = 5E-4
QW{1,1) = 5E-4
AM(1,1) = 1.0
AM{2,1) = 0.0
AM({2,2) = 1.0
AM(2,3) = 0.0
AM(3,1) = 0.0
Mi3,2) w 0.0
AM(3,3) = 1.0
MAT(1,1) = 1.0
MAT(1,2}) = 0.0
MAT({1,3) = 0,0

VAT (2,1} = 0.0
MAT(Z,2} = 0.0
MAT{2,3) = 0.0
MAT(3,1) = 0,0
MAT(3,2) = 0.0
MAT(3,3) = 0.0

initial values

XM[1) = ¥DATA{1]
XM(2} = 0,08
XM[3) = 0,1BE-3
xwia} = YDATA{1)
®(1} = YDATA({1)
PH(1,1} = 2.BE-B
PM(1,2} = 3E~¢
PM{1,3} = 1lE-8
PM{2,1) = 3E-4
PM(2,2) = 3.6E~3
PM(2,3) = L,2E~4
PM(3,1) = LE-5
PM(3,2) = 1.2E-4
P¥{3,3) = AE-6

PW{1,1} = 2.5E-3

WRITE{400,89998)
WRITE(500,99998}

WRITE(400,99999) 1, 0, ¢ Bf, XH(1), XM(2), XM(3), XH{3}/KM{2}
WRITE{400,99998} 1, 0, * 57, XW(1), M(z), XM(3}, XM{3)/XM{2}

Do 10 I=2, NOBE

;(1) - ‘fmm(i‘)m
AUR = {4.831AVIADATA(I) ) #( (HDATA (I)~1) %+ {~0,
IF (TAUB.GE,XM{3)} ‘:I‘HEIg e (=1 xri-0.30))

M) = X{1)
CALL KALT1i(PM,R,XM,Y¥,MAT, KNEW, XNEW ENEW, PNEW)
= YNEW{1}

- XNEW(2)

= XNEW(3)

PM{1,1) = PNEW{2,1)

PM(1,2) = PNEW(1,2)}

PM(1,2) = PNEW(1,3)

EM{2,1} = PREW(2,1)

EM{2,2} = DHEM({2,2}

FM(2,3) = PNEW(2,3)

PM(3,1} = PNEW{3,1)

PM(3,2) = PNEW(3,2}

FM(3,3) = PNEW{3,3}
WRITE(400,99998) I-1, I-1, * Ef

updata

XM{1), XM(2), XM(3},

& B3} /¥MI2), KNEW(L), KNEW(2], KNEW(3)

prediction
TERM = (XH{I)HTAUR) / (KM (2) *HDATA(T})
AM(1,2) = ((=1)+DERM) / (XM(2)) / (HDATA(T})
AM(1,3) = {TAUB)/{WM{2}} -~ 1
CALL mn;}(lm,ﬁc,'m:ml.PH.QM,J{NEW,HNEW.GNEH,PNEW)

M(2,3) =
PH{3, 1) = DHEW(3,1)
PH(3,2} =
PH(2,3} =
[+]

WRITE(800,99959) ‘I, 1~1, ¢ Bf, XM(1}, ¥M(2), XM(2),

& RM{3) 7¥M{2)

LSX(I) = XM(L)
IF ('CAUB,LE,TAUD) THEN
updatea
CALL Kanal{Pw,R.xW,Y,KNUV,xNuV,PNOV}
XWE1) = xov(i)
PW(1,1) = PNOV{1,1)
WRITE(400,89099) I-1, I~3, ¢ 8¢, XW(1), ¥M(2), XMy,

& (I} AM(2), KNOV(L)

prediction

VERN = Wh{(TAUB) / (PAUD} = 1)

AW{1,1) m ) + VERM/HDATA(X)

CALL KALT22 (AW, XW, PH, QW, XNOV, BROV)

KR(1) = XHOV{1)

PR(1,1) = PNOV{1,1}

WRITE{500,99999) I, ¥~t, ' B7, XW(}, XM(2), XM(3),.
XH{2)/xmi2)

X{1) - XW(1)

WRITE{400,09999) I-1, I-A, * N’, X(1), XM(2}, ¥M(3),
XM{3) /XM{2)
HRITE($00,99999) I, I-1, © N/, X{Ll}, XM{2), XM(3},
XM(3}/XM(2}
ENDIF



ENDIF

10 CONPINUE

4
99998 FORMAT (* Mklj T TESY, o ofkjhy?, ! Tcen: j MK/
‘ ;

JTce ¢, ¢ Ki{k)', * Ra{k)’', * Xa(k)

99559 FORMAT (I4, f/f, X3, A2, 7Fd.§)

[
(R R I TR A e R A A L R L T S T 2.3 3

on

(r}

on

an

"o

noo

ERD

SUBROUTINE KALT11 (PIN,RIN,XIN,YIN,MIR,KULIT,XUIT, EUIT, PUIT)

calenlates X{k+1),

K{k+1) and B{k+1)
RERL PIN{3,3}, RIN(1,1), XIN{3), YIN(1), MIN(2,3)
REAL xu!'r(a), XUIT{3) , EUIT{3,3), PUIT{3,3}

KUIT(1) = PIN{1,1)/(PIN(L,1)+RIN{1,1}}

BUIT(2) = PIN(2,1)/{PIN(Y,1)+RIN{1,1))

KUXIT{3}) = PIN(3,1)}/ (PIN{L,2)+RIN(1,1}}

RUIT(1) = XIN(1) + KUTT(1)*(YIN(1)-XIN(1))

XuiT(2) = XIN(2} + KULT(2)#*(YIN(1)-AIN(1))

XUIT{3) = XIN(3)} + KULT{3)#(YIN(1}-XIN(1}))

EUIT(1,1) = VIMEE(PIN,MIN}

EUIT(1,2} = V3MET(RIN,MIN)

EUIT(1,3) = VIMED(PIN,MIN)

EUTT{2,1) » VIMTE(PIN,MIN)

RUIT(2,2) = VIMTT(FIN,6HIN)

EUIT(2,3) = VIMTD(PIN,6MIN)

EUTT(3,1) = VIKDE{PIN,MIN)

EUIT{3,2} = VIMDT(PIN,MIR)

EUIT(3,3} = VIMDD(PIN,MIN}

PUXT(1,1) = PIN(1l,1) - V3MEE(EUIT,PIN)/(PIN(1,1)+RIN(},
PUET(1,2} = PIN(1,2) ~ VIMET(BULT,PIN}/{PIM{1,L}+RIN{Y,
PUIT(1,3) = PIN{1,3) - vauzn(zum,?m)l(vmu,:u-mm(:.
PUIT(2,1) = PIN(2,1) - V3IMTE(EUIT,PIN)/{PIN{1,1)+RIN{1,
PUIT(2,2) = PIN(2,2) - VIMTP{EUIT,PIN)}/{PIN{1,1}+RIN{1
PUIT(2,3) = PIN(2,3) - VINPD(EUIT,PIN)/(PIN{1,1}+RIN(1,
PUIT(3,1) = PIN(3,1) = V3IMDE(EUIT,PIN)/(PIN(1,X}+RIN(1,
PUXT(3,2) = PIN(3,2) = VIMDT(BUIT,PIN)}/(PIN(1,1}+RIN{1
PUIT(3,3) = PIN(3,3) - VIMDD{EUIT,PIR}/{PIN{1,L1}+RIN{(1
RETURN

ERD

1}
]
1)
1)
(1))
1)
1
1
1

1
1
1
b

1
1

x!
'3

SUBRODTINE KALT12 (AIN,XIN,TIN,PIN,QIN, XUIT, HULT,GUIT, PUIT)

caloulatas X{k+1/K) and

P(k+1/k)
REAL AIR(3,3), XIN(3), TIN, PIN{3,3), QIN(1,1)
REAL XUIT{3), HUIT(3,3}, GUIT(3,3}, PUIT(3,3)

XUIT{1} = VMVAE({AIN,XIN) + TIN
KUIT(2) = VMVIT{AIN,XIN)
XUIT(3) = VMVID{AIN,XIN)
HUIT(1,1) = AIN(3,1)
HUIT(1,2) = AYN(2,1}
HUXT(1,3) = AIN(3,1)
HUIT(2,1) = AIN(E,2)
HUIT(2,2} = AIN(2,2)
HUIT{2,3} = AIN(3,2)
HUIT(3,1} = AIM(1,3)
HUIT(3,2) = AIN{3,2)
HUYT(3,3) = MIN(3,3)
GUIT(L1,l) = VIMEE({PIN,HUIT)
GUIT(1,2) = VIMET(PIN,HUIT)
QUIT(L,3) = WINED(PIN,HUIT)
PRV VR VJM'.I.'IS‘L'J.N,HUA‘A’)
GUIT(2,2) = V3IMTT(PIN,HUIT)
GUIT{2,3} = VINTD(PIN,HUIT)
GUIT{3,1} = VIMDE(PIN,HUIT)
GUIT{3,2) = VIMDT{PIN, HUIT)
GUIT(3,3} = VIMDD(PIN, HUIT)
PUIT(1,1} = VIMEE(AIN,GUIT) + QIN(1,1})
PUIT(1,2) = VIMED(AIN,GUIT}
PUIT(1,3) = VIMED{AIN,GUIT}
BUIT(2,1) = VIMTE{AIN,GUIT)
PUIT{2,2) = VIMIT(AIN,GUIT)
PUYT(2,3) = VIMTD(AIN,GUIT)
PUTT(3,1} = VIMDE(AIN,GUIT)
PUIT(3,2} = V3MDT(AIN,GUIT)
PUIT(3,3) = V3MOD(AIN,GUIT}
RETURN

END

SUBROUTINE KALT21 (PIN,RIN,XIN,YIN,KULT,XUIT,PUIT)
caloulates X(k+1},
K(k+1} and P(k+1i)

RBAL PIN(1,1), RIN(Y,1}, XIN(1), YIN(1)

REAL KUIT(1), XUXLT{1}, PUIT{1, 1}

KUIT(1) = PIN{1,1)/(PIN(1,1}+RIN(1,1})
XUIT(1) = XIN{1) + KUIT(1}#(YIN{1) - XIN(1}

PUI‘I‘(!. 1} = PIN{1,1} = (PIN(1,1)*RIN(1, 1))[(PIN(1 1} #RIN{1,1))

EN'D
SUBROUTINE KALTZZ{AIN,XIN,PIR,QIN,XUIT,FUIT

’
'

}
cnlculqtas A{k+1/k) anpd

Blktlfk)
REAL RIN(1,1), xmm, PIH(l 1), QIN(L,1)
RFAL XUIT{1), PUIT(1,1

XUIT(1) = AIN{1,1)*XIN({1)
PUXT{1,1) = AIN[1,1)*PIR{1,1}*hIN{1,1) + QIN(1,1)
RETURN

END

multiply matricea
FUNCTION V3IMEE({B,D)
REAL B{3,3), D{3,3}
VIMEE = B{1,1)*D(1,1} + B(1,21%D{2,1) + Bi1,3)%D{3,1}
RETURN
END

REAL FUNCTION V3IMET(B,D}

REAL B{3,3), D(3,3)

VIMET & B{1,1)%D(1,2) + B(},2)*D{2,2) + B(1,3)*D(3,2)
RETURN

:CLY

REAL FUNCTICN V3IMED{B,D)

REAL B(3,3), D(3,3}

VIHMED » B(1,1)*%D(1,3) + B(1,2)*0(2,3) + B(1,3)*B{3,3)
B

H

RERL FUNCTION VIMTR(B,D)
REAL B(3,3}, D(3,3)
VIMTE = B(2,1)%D{1,1) + B{2,2)*D(2,1) + B(3,3)*D{3,1)

RARRAE TR AR AR AR Rk R Ak Ak AT AN AN RN AR AR R T A IR AR A AT R RN ANk

RETURN '
END

REAL FUNCTION VIMTT(B,D}
REAL B(3,3), D(3,3

VAMIT = B(2,1)*0(1,2) + B(2,2)*D(2,2) + B(2,3)*B(3,2)

RETURN
ERD

REAL FUMCTION VIWTB(EB,D)
REAL B(3,3), D(3,3

VINTD = B(2,1)*B(L,3) + B(2,2)%D{2,3) + B{z,3)#D(3,3)

RETURH
END

REAL FUNCTION V3MDE(B,D}
REAL B(3,3), D(3,3

m- B3,2)%0(1,1) + B(3,2)%D(2,1) + B{3,3}*D(3,1)

ERD

REAL FUNCTION VIMDT(B,D)
REAL B(3,3), D(3,1

VIMDT = B(3,1)%D(1,2) + B(3,2)*D(2,2) + B{3,3)%D(3,2)

RETURN
END

REAL FUNCTEION vmnn(s,n)

REAL B(3,3}, D(3,3

VIMDED = B(: 1)*D(1 I} + B{3,2)*D(2,3) + B{3,3)%n(3,3)

RETURN
ERD

REAL FUNCTION VMV2IE(B,Z2)

REAL B(3,3), &(2)

RE
END

REAL FUNCTIOR VHVJT(B, %)

REAL B{3, 2,

matrvector

VNV3E = B(1, 1}*2(1) + B{1,2)%7(2) + B{1,2)%2(1)
TURN

VHVIT = B(2, 1)*3(1) + B(2,2)*4{2) + B(2,3)%3(2)

RETURNK
END

REAL FUNCTION VKV3ID(B,Z)
REAL B(3,3), Z(d}

VMVID = B(3,1)%2(1) + B(3,2}%2(2) + B(3,3)%5{2)
RETURN

END
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PARAMETER (NGBS=701)

INTEGER X

REAL R(1,1), GM(1,1), QW(1,1), AM{2,2), AH(2,2), XM(2}, KR(2)
REAL X({2), PM{2,2), PW(2,2), Y(1}, K{2), M(2,2)

REAL YDATA {BOBS), HDATA(NOBS), V2DATA(NOES)

REAL XNEW(2), KNEW(2), ENEW(2,2), PHEW(2,2}, GNEW(2,2)

REAL HWNEW(2,2), TAUB, TAUE, TAUD, TERM

OPEN{UNTT=100, FTLE=*CONC! , STATUS=’ OLD/ )
OPEN {UNIT=200 , FTLE=*HOOGTE! , STATUSx* OLD” )
OPER {UNIT=300, FILE~"VOPP2’ , STRIUS=/ OLD’ )
OPEN {(UNIT=200, FILE=HMW1' , STATUS=/ NEW')
OPEN (UNIT=500, FILEw*REXTL! , STATUS=! NEW' )
READ (100, *, END=tt) YDATA

READ (200, *, END=tt) HDATA

READ (300, %, END=£t) V2DATA

valuasg
TAUE = .08
TAUD = 0.08%
R(1,1}) = 2.8BE~8
QM{1,1) = SE-4
QW{1,1} = SE=4
AM(1,1} = 1.0
MM(2,1) = ¢.0
AM(2,2) = 1.0
AW(2,1} = 0.0
AW(2,2) = 3.0
M(i,1) = 1.0
M(1,2) = 0.0
M(2,1) = 0.0
M(2,2) = 0.0
initial values
¥M{i} = YDATR{1)
M2} = 0.1E~3
L) = YDATA{L}
XW{2) = 0.3E~3
X(1) = YBATA(1)
PM(1,1) = 2.5E-5 .
PH({1,2) = 1B-8
FM(2,1) = 1E-5
PM(2,2) = 4E~6
PW(1,1) = 2.5E-5
(1.2} = SB-7
PW(2,1} = GB-7
(2,2} = 1E-8
WRITE{400,D9996)
WRITE(500,89958) '
marrz(qou 99998) 1, ©, 7 Ef, xmn, ®(2}, AW(2), PM{1,1),

PM{L1,2), PH(2
WRITE(-‘.OD 29999y 1, 0, ' 87, XM(1l}, XM(2}, XW{2), PW(1l,1),

[
c
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SUBROUTINE KALMA(PIN,RIM,XIR,YIN,HIN,XUIT,XUIT,EUIT, PUIT)
c caloulatea X(k+L},
c K({k+1) and B(k+1)
REAL PIN(2,2), RIN{1,1), QIN(1,1}, XIN(2}, YIN{1), MIN{2,2)
REAL KUXT(2}, XUIT{z), BUIT(2,2), PUIT(2,2)
c
KUIT{1} = PIN(L,1)/(PIN(3,1)+RIN{1,1))
HUIT(2} = PIN{2,1)/(PIN(:,1}+RIN(1,1))
XUIT{}) = RIN(1} + AUIT{1)*{YIN{1}=XIN(1)}
XKUIT(2} = XIN(2) + KUOIT(2)*{¥YIN(1L}-XIN(1))
EUIT{1,1) = VMEE(PIN,MIN)
EVIT{3,.2) = VNED{PIN MIN}
EUIT(2,1) = VNTE(PIN, MIN}
EUIT{2,2) = VNTT{PIN,6MIN}
PUIT(1,1) = PIN(1,1) - VMBE(EUIT,PIN}/(PIN{1,1)+RIN(1,1)})}
BUTT(1.2) = PIN(1,3) - VMET(EUIT,PIN}/ (PIN(1,1}+RIN(1,1)}
PUIT(2,2) = PIN{2,1) =~ VHNTE(BUIT,PIN}/(PIN(1,1)+RIN(1, 1))
PUIT(2,2} = PIN{2,2} - VHTT{EUIT,PIN)/(PIN(2,1}+RIN{1,1))
RETURN
END
[
SUBROUTINE KALMZ (XIN,AIN,PIN,QIN,XULT,HUIT,GUET, PUIT)
c galculates X¥(k+l/k} and
¢ P(k+1/k)
REAL XIN{2), AIN(2,2), PIN(2,2}, QIN(1,1), XUrT(2), HUIT(2,2
REAL GUIT{2,2}, BUYIT(2,2)
[
XUIT(1) = VMVECE{AIN, XIN}
XUIT(2) = VMVECT{AIN,XIN)
HUIT(1,1} = AIN{1,1)
HUIT({1,2) = RIN{2,1)
HUIT(2,}) = AIN(1,2)
HUIT|2,2) = AIR(2,2)
GUXT(1,1) = VMEE{PIN, HUIT)
GUIT(1,2) = VMET(PIN HUIT)
GUIT(2,1) = VMTE(PIN, HUIT)
GUIT(2,2) = VMTZ({PIN,HULT)
PUIT(1,1) = VHEE{AIN,GUIT) + QIN(1,1}
PUIT(1,2} = VMET({AIN,GUIT)
POIT(2,1) = VMTE{AIN,GUIT)
PUIT(2,2) = VHTT[AXR,BUIT)
RETURN
END
[+

SUBROUWTINE KAEM3 (XIN,TIN,AIN,PIN,QIN,XUIY, HUIT,GUIT,PUIT)
c salculatas x(kﬂ}k} and
[ Pk+1lfk)
REAL XIN{2), AIN{2,2), TIN, PIN(2,2), QIN(1,1}, XUIT(2}
REAL WULIT{2,2), GUIT{2,2}, PULT{},2}

PW(1,2}, PW{2,2) [
XUIT({1) = VMVECE(AIN, xm) ~ XTN(2)*RKIN(2) *TIN
DO 10 I=2, NOBS AUIT(2} = VMVECT(AIN,XI
HUTT{1,1} = AIN(1,1)
¥(1} = ¥YDATA(I) HUIT{1,3) = AIN(2,1)
TAUB = (4,831%WW2RDATA{T))* ( (HOATA(I) =1) ¥ *[~0,230]) HUIT{2,1) = AIN(1,3}
IF (TAUB.GE.TAUE) THEN HUIT(2,2) = AIN(2,2}
update GUIT(1,1) = VMEE(PIR,HUIT)
¥M{1} = X(}) GUIT(1,2) = VMET(FIN,HUIT}
cALL xam:.(pn,n XM, ¥, M, KNEW, XNEW, ENEW, PNEW) GUIT(%,1) = VMTE(PINM,HUIT}
XM(1} = XNEW(1) GUIT(2,2) = VMTP(PIN,HUIT)
a2} = XNBEW(2) PUIT(1,1)} = VMEE(AIN,GUIT) + QIN(1,3}
PM{l,1} = BNEW(1,1} PUIT(1,2} = VMET{AIN,GUIT)
PM{1,2} = PNEW(1,2} PUIT{2,1} = VMTE(AIN,GUIT}
PM(2,1}) = PHEW(Z, L) PUIT{2,2} = VMTT(AIN,GUIT)
PM(2,2) = PNEW(2,2) RETURN
WRITE(40D,995%99) I-1, I-1, ¢ E’, XM(1), XM{2}, XW(2), END
& PH{2,1}, PM{1,2}, PH(2,2}, [
& KNEW{1) , KNEW(2)] © Fkd ik e s W A R RO e e ARk e ke A R R R AR AR
prediction c multiply matrices
AM(1,2) = ((TAUB)/(TAUE)} ~ 1)/(HDATA(I)) FUNCTION \mzaw m
CALYL, KALM2 (XM, AM, PM, QNM, XNEW, HHEW, GHEW, PREW) REAL B(2,2), D
HM(1} = XNEW{1) VMEE = B(1, 1)*[:(1 1) + B{1,2)m(2,1)
XM({2) = XNEW{2) RETURN
PM{Y, 1) = PMEW{1,1)} END
PM(1,2) = PNEW(1,2) c
FM{2,1} = PNEW({2,1} RERY, FUNCTION VMET(B,D}
PH{2,2} = PNEW(2,2) REAL B(2,2), D{2,%)
wnm*E(soo $9995} I, I-1, * Br, XM(1), ¥M(2), ¥W(2), PM(2,1) VMET = B{1,1)*D{1l,2) + B(1,2)%D(2,2)
& PM{l 2), BH(2,3) RETURN
gu) = XM(1) c ERD
L
IF (TAUB.LE.TAUD} THER RERl. FURCTION YMTE({®,D)
vpdata REAL B(2,2), D{2,2)
AH(1) = k(1) VMTE = B({2,1)*D{1,1) + B(2,2)*D(2,1)
CALL KALMI(PW,R,XW,¥,M,XNEW, XNEW, ENEW, PHEW) RETURN
KW(1) = XNEW(1} END
xW(2) = XNEW(2} ¢
PW(1,1) = FNEW(1,1) REAL FUNCTION vum(a.n)
PH{1,2) = PNEW(1,2) RFEAL B(2,2}, D{2,2)
PWi2,1) = PHNEW(2,1} VT = B{2, 1)eR{1,2) + B(2,21%(2,2)
FH(2,2) = PNEW(2,2} RETURH
WRITB{400,99998) I-1, I-k, 7 &¢, XW({1), XM{2}, XW(2}, END
[ PH(1,1), PW(1, 2), PR(2,2), [4
& l(Nl-':ﬂ(lJ + KNEW({2 [ nat*vector
pre 1ction REAL FUNCTION VMVECE(B,Z)
TERK = ((mUB)!t'rAUD) - 1)/ (HDATA(TL)) REAL B{2,2), 2(2)
AW[1,1) = 1 + XW(2)*TERM VMVEGE = B(1,1}#Z(1) + B(1,2)*5(2)
AW(1,2) = XW(1)*TERM RETURN
CALL KALMS3 (XW,TERM, AW, PW,QW, XNEW, HNEW, GNEW, PHEW) END
XW(1) = XNEW(1) ¢
XW({2) = XNEW(2} REM, FUNCTION VMVECT(B,Z)
PW{1,1) = PNEW(1,1) REAL B(2,3), 2{2)
PH(1,2) = PHEW(1,2) VMVECT = B{2,1)%5(1) + B(2,2)*Z(2)
PW{2,1) = PNER(Z,1) RETURN
PW({2,2) = PHEW(2,2) END
WRITE(500,99999} I, I=1, * 8%, XW(1), XM(2), XW(2},
& PR(l,1), FR{1,2), PR{2,2)
x{1) - XW(1}
ELSE

WRITE(400,99999) I-1, I-1, ¢ N*, X(1), XM{2), XW(2)
wnl;matsoo,sgsos) I, I-1, f NP, X(1), XM{2}, ¥W{2)
ERDI

ENDT

10 CONTINUE

[
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]
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PROGRAM JRtnw’
PARAMET =701)

INTEGER T

REAL Rtl.l). OM(1, 1}, GW{1,1}, AM(2,2), AW{2,2}, XME(2}, XMV(2)
REAL XWE{2), XWV(2

RERL %{1}, PM(2,3), PW{Z,3), ¥(1), K{2), W{Z,2]

REAT, YDATA(NOBS) , FEDATA (NOBS), V2DATA (NOBS)

REAL XNEW(2), XWEW(2), EMEW(2,2), PNEW(Z,2), GNEW{Z,2)
REAL, HNEW(2,2), TAUB, TEV, TEE, TEV, TDE, TERM, ALFA

OPEN (UINIT=100, FPILE=!CONC? , STATUS=/QLD’
OFEN (UNIT=300, FILE=’RODGTE’ , STATUS=/ OLD? )
OPEN(UNIT=300, FILE='VOPP2’  STATYS=/OLD')
OPEN (UNIT=400, FILE='MHEVL!  STATUS='NEW’}
OPEN (UNIT=500, FILEB'EX'I‘EVI' +STATUS="NER' }
READ(100, %, END=t%) YDATA

READ (200, %, END=tt£) HDATA

READ {300, %, END=t£) V2DATA

values
ALFA = 724
TEV bl
TER »
TV -
TDE -
R{1,1) =
M(1,1) =
Rl 2y =
AM{1,1) = 1.0
AM(2,1) = 0.0
AM(2,2) = 1.0
aW(2,1) =~ 0.0
AW{2,2} = 1.0
H{l,1} = 1.0
Mi{i,2) = 0.0
Hiz2,1} = 0.0
H({z,2) = 0.0
initial values

AME(2) -
xv(zy =
ANE(2} =
XWV(2) =
X(1) = YDATA([15)
PH(1,1) =
PH(1,2) =
PH{2,1) =
EN{2,2) =
BW{1,1) =
PH{1,2) =
PH{2,1) =
PW{2,2) =
WRITE(400,9%598)
WRITE(500,99998)
WRITE(400,999%99) 1, &, * Nf, ¢ Nf, X{1}, XMV(2), XME(2), ¥XwWV(2),
& XWE(2)
bQ 10 Iw16, NOBS

¥(1) = YDATA(I)

TAUB = (4.B3LWV2DATA(I~15) )+ ((HDATA(I-15)-1)**({=-0,30)}

iF (HOATA(I).GE.17.4) THEN

IF ({TAUB.GE.TEV) THEN

updata
WLy = %{L)
CALL KMHJ.(PN,I(Z;;R'N + ¥ M, KNEW, XNEW , ENEW, PNEW)

XNEW(2)

BNEW(L,1)

PREW(1,2)

PNEW(2,1)

PHEW{2,2)

WRITE{400,999%3) I~1, 1-1, * Ef, * y/,
XME(2}, KV}, XWE(2)

radiction
AM{1,2) = ALFA®((TAUB/TEV) = 1) /HDATA{Y)
CALL KALM2 {XMV, AM,PM,OM, XNEW, HNEW, GNEW, PNEW)

o
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XMV{1}, AMv(2},

XMV(1) = XNEW(1)
XMV(2) = XNEW(Z)
PH(1,1) = PNEW({1,1)
™(1,2) = PREN(1,2)
PM{2,1) = PNEW(2,1)
FM({2,2) = PNER(2,2)

2

WRITE({500,99999) I, I-1, * E, * ¥/, XMV(1}, XMV(2),
XME(2), XWV{2)}, IWE(2)

= XMV (1)

E
I¥ (TAUB.LE,TDV) THEN

XWV{1) = X(1)
CALL xanu;(?:w?i¥wv + ¥, M, KNEW, XNEW, ENEW, PNEW}

XWV (1)
XNEW(a}
DPNEW(1,1)
PHEW(1,2)
PYWEM(2,1}
PHEW(2,2)
WRITE(-I.OD 99999} I-1, Y-1, ! BT, f V', XWW(1),
mvia), XNE(2). XWV(2)e K“E(Z)
prediction
TERM = ALFA*((TAUB/TOV) =~ 1) /HDATA(X)
AW(1,1) = 1 + XWV(2)}+TERM
AW(1,2) = XWV[1)*TERH
CALL KMMHM,T?H » AW, PH, OF, XNEW , HEW, GNEW, PNEW)

X(1)

updata

o
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H’RITE(&OD 99989) Y, I-3, f 8f, r yr, ¥WV(1), XMv(2),

XME{2), XWV(2JJ XWE (2}
X(1) - XWV (1)
ELSE
WRITE{40@,99992) I-1, X-1, * W', * ¥f_ X(1), XMV{Z},
{2}, xwWv(), {
WRITE{500,99969) I, I-1, * N/, 7 W', X(1}, Xuv(2),
XME{2}, XWV(ZI. e {2)
ENDIF
ENDIF
ELSE
IF (TAUB.GE.TEE} THER
IHE{1) = X(1)
CALL KALML(PM,R,XME, Y M, KNEW, XNEW, ENEW, FNEW)
AME{) '-XNEWH.)
KHE(2) = XNEW(2)

PM({1,1) = PNEH(1,1)

PH{1,2) = PNEW{1,2)

PM(2,1) = BNEW(2,1}
PHM(2,2) = BNEW(2,2)
WRITE{A00,86099) 1-1, I-1, * Ef, ¢ Br, XME(1}, XMV(2)
& XHE(2) , XWV(Z), XWE(3)
praficticn

A¥(1,2) = ALFA#({TAUB/TEE) -1)/HDATA(I)
CALL KALM2 (XME, M,'l + PM, QM, XNEW, HNEW, GREW, PNEW)

¥ME{1) = ANEW{1
XME(2) = XWEW(2}
EM(1,1) = PNEW(1,1}
PH{1,2) = PNEW{1,2)}
EM{2,1) = PNEW(2,1)
PM({2,2) = PNEW{2,2)
WRITE (500,09999) I, I-1, ' B, * Ef, ¥ME{l), XMV(2},
& XME(2), WWV(2), XWE(2 (2)
X{1} = XME(1}
ELSE

IF (TAUB.LE.TDE} THEN
XWE(1) = X{1)
CALL XALM1(PW,R,XWE, ¥, M, XNEW, XNEW, ENEW, PHEW}
XWE(1l) = XHEW(1)
¥WE{2) = XNEW(2)
PH{1,1) = PHEW(1,1
PW{1,2) = PHNEW(1,2)
BH{Z 1} = PNEW(Z,1)
PR{2,2) = BHEM{2,3)
WRITE (400,99999) I-]l, I-1, * 8, ¢ B’, ¥WE(1)},
& NV (2}, XME(2}, XWV(2), XHE{2)
prediction
TERM L] ((TAUB)I(TDE)-i)I(HDATA[I))
M1, 1) = 1 + NHE(2)»
AWl 2} = XWB(J.)"'I‘KRH
CALL KALM) (XWE, TERM, AW, PW, QW, XNEW INEW,GNEW,PNEH)
WWR[1) = XNEW{1)
XWE(2) = XNEW(Z)
PW(1,1) = PNEW({1,1}
Pa{1,2) = PNEW(1,2}
PW{2,1) ~ PNEW(Z,1}
PW{2,2) = PNEW(2,2}

WRITE (500,9998%) I, I~1, * 8¢, * Bf, XWE(1}, XMV{

[3 KME(2), XWV{2), RWE(Z
(1) - XE() (2}, ), (2}
WRITE {400,99999) r-1, I-1, * Hf, ¢ £, X(1), amv{
& MMEL2), XWV(Z). HME(2)
WRITE (500,99999) I, I=1, ' W', ! Ef, X(1), XMV(2}
4 ¥ME(2), ¥WV(2), XWE(2)
ENDIF
ENDIF
ENDIF
10 CONTINUE
99998 FORMAT (* kfj fy PEGT, TEVS,Y a(ki)!, ! L
. ( P " (k1) MY {k]} ME(k]

k3
99999 gggm'r (Il, 'I', I3, 2h2, 5FB.6)
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SUBROUTIRE XNLMI {PIN, RIN,X18, ¥IN,MIN,KULT, ¥UIT, EUIT, PUTT)
caloulates X{k+l),
R(k+1) and P(k+l)

REAL PIN(2,2}, RIN(1,1), QIN{1,1), XIN{2), YIN(1)}, MIN(2,2}

RERL XUIT{2}, XUIT{2), EUIT(2,2}, PUIT{2,2)

KUIT(1) = PIN{1,1)/(PIN(1,1)+RIN(1,1})

KUIT{2} = PIN{2,1}/(PIN(1,1}+RIN{1,1))

Xure(1 = XIN(2) + KUYT(L)*(YIN(1}-AIN(1))

XUIT(2 = XIN(2} + KUIT(2)* {YIN{1)-XIN{1))

EUYT(1,1) = VMEE(PIN,MIN}

EUIT(1,2} = VMET(PIN,MIN)

EUIT(2,1} = VHTE(BIN,MIN)

BUIT(2,2} = VMTT(PIN,KIN)

PUIT(1,1} = PIN(1,1) - VHEB(EUIT,PIN)]{PIN(1,1)+EIN(1.1)}
PUIT{1,2) = PIN(1,2} - VMET(EUIT,PIN}/(PIM(1,L1}+RIN{1,L}}
PUIT(2,1) = PIN(2,1) = VMIE(EULT,PIN)/(PIN(1,1)+RIN(1,1))
PUIT(2,2) = PIN{2,2) = VMPT(EUIT,PIN}/{PIN(3,1)+RIN(1,1))
RETURN

END

SURROUPINE KALM2 (XIN,AIN,PIN,QIR,%UIT, HUIT, GUIT,PUIT)
calculates X(k+1/k) and
B{k+1/R}

REAL XTn{2), AIM(2,2), PIN(2,2), QIN(1,1), XUIT(2), HUIT(2,2)

REAL GUIT(2,2), PUIT(Z,2}

XUIT{1) = VHVECE(AIN,XIN}
XUIT{Z) = VNVECT(AIN,XIN)
HUXT(1,1) = AIN{1,1}
HUIT(1,2) = AIN(2,1}
HUIT(2,1} = AEN{l,2}
HUTT(2,3) = AIN(2,2)
QUIT(1,1} = VHEE(PIN,HUIT)
GUXT(1,2) = VMET{SIN, HUIT}
QUIT(2,1) = VMTE{PIN,HUIT)
GUIT(2,2) = VWTT(PIN,HUIT}
PUIT(1,1} = VMBE{AIN,GUIT) + QIN{1,1)

PUIT(1,2} = VMET(AIN,GUIT}
PUIT{2,1) = VHTE{AIN,GUIT)
PUIT{2,2) = VHTT{AIN,GUIT)
RETURN

END

BUBROUTINE RALM3 (XIN,TIN,AIN,PIN,QIN,XUIT,HUIT,GUIT, PUIT)
calnulates ¥ik+1/X) and
Pllt+ifk

REAL XIN(2), AIN(2,2), TIN, PIN(2,2}, QIN(I 1}, XUIT(2)

REAL HUIT(2,2), GUIT{2,2), PUIT(2,2)

XULT(1) = VMVECE{AIN,XIN} = XIN{1)+XIN(2)TIN
XULT(2) = VMVECT{AIN,XIR}

WIIT(1,1) = AIN{1,1)}

HUTT(1,2) = AIN{2,1)

HUTT(2,1] = ATN(1,2})

HUIP(2,2) = AIN(2,2)

GUIT{1,1} = VMEE({PIN,HuUIf)

GUIT{1,2) = VMET(PIN, HULT)

GUIT{2,1) = VMTE(PIN, HUIT)

GUIT(2,2) = VMTT{PIN, HULT)

PUIT(1,1) = VMER(AIN,GUIT) + QIN({1,1)
PUIT(1,2) = VMET(AIN,GUIT}

PUIT(2,1} = VMTE(AIM,GULT)



PUIT(2,2) = VDT (AIN,GULT)
RETURN
D

[
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mualciply natrices
FUNCTION VMEE(R,D)
REAL B(2,2), D(2,2)
VHEE = B(1,1)*D({1,1) + B(1,2}%D{2,1)
RETUEN
ERD

REAL PUNCTION VMET(B,D}

REAL B{2,2), D(2,2)

VMED = B(1,1)*D{1,2) + B(L,2)*D(2,2}
RETURN

ERD

REAL FUHCTION vuwata B)

REAL B{2,2), D(2,2)

VMTE = B{Z,1)aD({i, 1) + B(2,2}*D{2,1}
RETURN

END

REAL FUNCTION VHTT(B B)

REAL B{(2,2), D(2

VIIT = B{2, 1)*n11 z) + Bi2,2)%p{2,2)
RETURN

END

mativactor
REAL FUNCTION VMVECE(D,Z)
REAL B[Z,2), 2(2)
VMVECE = B(1l,1)%2(1) + B({1,2]%2{2)
RETURN
END

REAL FUNCTION VMVECT{B,Z)

RERL B(2,2], 2{2}

VMVEGT = B(2,1)%%(1) + B(2,2}+5(2)
RETURN

END

PROGRAN
PARAMETER (NORE=701)

INTEGER T

REAL YDATA (NOBR}, HDATA(NOBS), VZDATA(NOBS)
REAL R{1,1}, Qﬂil 1}, QW{1,1), AM{2,2), AW(2,2), H(2 3)- PH(2,2)
REAL PW({2,2), ME, MV, WE, WV, TAUB, MVil, WUH,

REAL X(1), XMV(2}, XME(Z}, KWV(2), XWE(2), ¥(1)
REAL XNEW{2), RNEW(2), ENEW{2,2), PNEW(2,3), GNEW(Z,2), ANEW(Z,2)

OPEN (UNIT=100, FILE=’CONC! , STATUS=/OLD/ )
CPEN (UNIT»200, FILE='HOOGTE! , STATUS='QLD?}
OPEN(UNIT=J00, FILE='VOPE2 '  S8TATUS=/OLD! }
OPEN(UNIT~400, FILE='HTTL’ , STATUS= NEW/)
OPEN (UNIT=500, FILE=! HOOK1! , BTATUE= NEW! )

i

REM2 (100, %, END=tt) YDATA
READ (200, ¥, END=tt} HDATA
READ{300,%,END=tt) VZDATA
values
HE = 2,.0E-3
bl w Q0,583
WE = 3,0B~5
Wy = 3,5E~-5
R(1,1}) = 2.5E-5
QM{1,1) = SE-4
QW{l,1) = 5E-4
AM{1,1} = 1.0
AM{2,1} = 0.0
AM{2,2) = 1.0
AW(2,1) = 0.0
AW(z,2) = 1.0
H{1,1) = 1.0
M{1,2}) = 0.0
M{2,1) = 0.0
M{2,2) = 0.0
initial values
31 = YDATA{15)
XME{2) = 0.08
XMv({a) = 0.18
XWE(2) = 0.06
XWvi2) = 0.p8
PH({1,1} = 2,5E-8&
PM(1,2) = 3E~4
PM{2,1) = 3E-4
FM{2,2} = 3,6E-3
PW({1,1) = 2.5E-&
PW{1,2) = 1E~4
FW(2,1} » 1E~4
FW(2,2) = 4E-4

WRITE(400,09998)

WRITE{500, 99998)

WRITE(400,99999) 1, 0, * N*, ¢ N/, X{1), XMV(Z}, XME{2}, XWV(2),
5 KWE(2)

DO 10 I=16, NOBg

¥(1) = YDATA(I)
- (4.331¢vznawa(1 15))*((HDRTA{I 15)-1) ¥% (=0, 30))
IF {HDATA(I).GE.17.4) M

IF {TAUB.GE.XNV(2)) THEN

MV(1) = ¥(1)
CALL KALM1(PM,R,XMV,Y¥,M, KNEW, KNEW, ENEW, FNEW)

update

XMV (1) = XNEW(1)

WHVER) = RNER(2)

PM(1,1} = PNEW(L,.})

PM{1,2} = PNEW(1,2)

FM(2,1) = PNEW(2,1)

BM(2,2) = PHNEW(2,3)

WRITE(40O0,99000) I-15, I-15, ¢ EY, ¢ v+ XMY(l}, XMV(2},

& AME(2), XWV(Z}, xwz(a)
c prediction

W = (W) / (HDATALL))
AM(1,2) = [=1)*MVH®TAUBS ( [XMV(2) ) ¥ {=3))
CAEL KALM4 (XMV, HYH,TRUB 1 RK, PH, QM , XNEW, HNEW, GNEW, PREW)

XHV({1) = INEW(1

KMV (2) = XNEW(3)

PM{1,1) = PNEW(1,1)

PH({1,2) = PHEW(1,2)

PM(2,1) = PHEM(2,1)

PH{2,2) = PHEH{2,2)

WRITE(500,99999) I=14, I-15, ¢ Ef, * ¥r  xXinf{1), XMV{2)
& ¥ME(D) . xWV(zy. XWE(2)

(1} = XMV(1)
LBE
iF (TAUB.LE.XWV(2}) THEN

4] update

AWV(1) = X(1)

CALL KALML (PW, R, XWV,¥,M, KNEW, XNEW, ENEW, PREW)

XHV{1} = XNEW(1)

XWV(2} = XNEW(2)

PR{l,1) = PNEW{1,1)

PW(1,2} = PNEW(1,2)

PW(2,1) = PHNEW(2,1)

PW(2,2) = BNEW(2,2)

WRITEHDO 99999) I-15, E-15, ' &/, ¢/ V', XWV{1},

u X2y, xHB(2), XWv{2), AWE{2)}

[+ prediction

WVH = (W) / (HOATA(T})

AM(1,1) = 1 % WVI*( (TAUR)/ (XWV(2})-1)

AW{L,2) = (=1) *XWV {1} *WVHNTAUBK [ (XWV(2))#*(=2})

CALL KALMS (XWV,WVH, TAUB, AW, PW, QW , XNEW, HNEW, GNEW, PNEW

KAV{1) = XHEM{1)
XWV(2) = XNEW(2)
PW{1,1) = PNEM{1,1)
EM(1,2) = PNEW(1,2)
PH{2,1) = PNER{2,1)
PW(2,2) = PNEW(Z,2)
WRITE(500,00009) E-14, I-15, ¢ 87, ¢ ¥/, ¥WV(1
& XV (3), XME(2), Hwv(z), xwz:z;
X{1) = Xuv(1)
WRITE({400,59999) I-15, I-18, ' W/, *© ¥/, X(1},
& XMV(2), XME(2}, xwv:z: xwz(z;
WRITE(500,99999) I-14, I-15, ' N/, . X1y,
& KMV (2), XME(2), XWV(Z), WWE{2)
ENDIF
ENDIF
ELSE
IF {TAUB.GE.XME(2)) THEN
c update
MME(L} = X(1)
CALL KALM1(PM,R,XME,Y¥,H,KNEW, XNEW, ENEW, PNEW)
KHE(I) = XNEW (1)
XME(2)} = XMEW(2)
PM{1,1) = PNEW(1,1)
PHM{1,2) = PNEW(1,2)
PM(2,1} = PHEW(2,1)
PM(2,2) = PNEW(2,2)
WRITE(400,995939) I-18, I~15, r E', " E/,XME(1), XMV(2),
& XHE(2), XWV(2), XWE(2)
< prediction
MEH = (ME} / (HDATA(I))
AM(1,2) = (-1} *MEH#TAUB® ( (XHE(2))**(-2})}

CALL KALM{ (XME,MEH, TAUB, AM, PM, @M, XNEW, HNEW, GNEW, PNEW)
XHE(l} = XHEW({1)
s XNEW (2}
PH(1,1) = PHEW{1,1)
PM(1,2}) = PNEW{1,2)
PH(2,1) = PNEW{2,1)
PM{2,2) = PNEW(2,2}
WRITE(500,99999) I=-24, I-15, ¢ Ef, ! Ef, XNE(1}, XMV(2)
§ XME(Z). XWV(Z!- XWE(2)
x{1) = XME(1)

IF (TAUB.LE.XWE{2)) THEN

C update

AHWE({L) = X{1)

CALL KALM1(PW,R,XWE,Y,M, KNEW, XNEW, ENEW, PHEW)

XWE(1)} = XNEW(1}

WWE(2) = XNEW({2}

PW{L,1) = BHEW(1,3}

PW(1,2) w PNEW(1,2)

PW(2,1) = PNEW(2,1)

PH(2,2) = PNEW(2,2)

WRITE(400,99399) 1-15, I-1%, ¢ 8r, ¢+ Ef, XWE(1),

& HHV(2), XME(2), XW(:!), XWE(2)

[ pradiction

WEH = (WE)/{BDATA(IL})

AW(1,3) = 1L+ WEH#((TAUB}/ (¥WE(2)}~1)
BW{1,2) = (=1) ¥XHE(1) AWEHTAUBY { (XWE(2) ) ** (=2) )
CALL KALMS (xuz.wzu TAUB, AW, #W, QH, XNEW, RNEW , GNEW, PNEW
¥WE(1) = SNEW(1}
XWE(2]
BW(l,1) =
PW(1,2) = PNEW(1,2)
PW(2,1) =
PW(2,2) = BNEW(2,2)
WRITE(500,99098) I-14, I-18, ’ 6%, r Ef, NWE{1),
& (2]. HME(2), x“V(ZJ. XRE(2}
X(1) = XWE(1)

E
WRITE(400,99099) I-18, I-18, * W/, ¢ B,

X(1),
& THE xnﬂ(z;, XWV(z) xwzcz)
WRITE(500,99999) I- 14. 1-18, ' W',

& XMV {2), xna(zl. xnvczl. XWECZI

ERDIF
ENDIF
RDIF

10 CONTYINUR

[
99998 FORMAT (¢ k/J ', ‘ES5/, YEV!, ' C(kj}f, !
& ¢+ TEe{k}) 4, ¢ TDv(kj)', f Trpeik)

TEV{KI} ',
"
59999 FORMAT (X4, f/’, I3, 2a2, GFS.

END

aononhn
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SUBROUTINE KALM1 (PIM,RIN,6XIN,¥IN,MIN,KUIT,XUIT, EUIT,PUIT)
calculates X(k+l),
K{k+k) and F(k+1)

RERE PIN(2,2), RIN(1,%), QIN(1,1), XEN(2), YIN(1), MIN(2,2)

REAL KOIT(2)}, XUIT(2}, EUIT(2,2), PUIT(2,2)

KUET(1) = PEN({1,1)/(PIN(1,1)+RIN{1,1}}

KULT(2z)} = PIN(2,1)J{PIN(1,1)+RIN{1,1)}

XKUITEL) = XIN{1} + KUIT(1)*({YIN{1})-XIN{1))}

KUIT{Z) = KIN(2] -+ KUIT(2)*{¥IN{1)-XIN{1))

EUIT{1,1} = VMEE{FIN,MIN)

EUFT{1,2} = VMET (PIN,MIN)

EUIT(2,1} = VMTE(PIN,MIN)

EUIT(2,2} = VMTT (PIN,MIN)

PUIT{1,1} = PIN{1,1) - VHEE(EULT,PIN}/(PIN(},1)+REN(Z,1})
PUIT(1,2) = PIN{1,2) - VMET(RBUL'T,PIN)/{PIN{1,1J+RIN{1,1})
FUXT(2,1) = PIN(2,1) ~ VMTE(BULT,PIN)/(PIN(1,1)+RIN(1,1)}
PUIT(2,2} = PIN({2,2) - VMTT(EUIT,PIN]/(PIN{l,1}+RIN(1,1))
RETURN

END

SUBROUTINE KALMA {XIN,MHOED,BTAU, AIN,PIN,GIN,XUIT, HUIT,GUIT, PUIT)
aaloulates X(k+1/k) and
P(k+1/k)

REAL XIN(2), AIN(2,2), MHOED, BTAU, PIN(2,2), QEN(1,1), XUIT{2}

REAL HUIT(2,2), GUIT(2,2}, PUIT(2,2)

XUIT(1) = VMVECE{AIN,XIN} + (2%MHOED*BTAU)/{XIN(2)) - MHOED

XUIT({2) = VMVECT(AIN,XIN}
HUIT{1,1) =» AIN(1,1)
BUIT(1,2) = AIN(2,1)
HUTT(2,1) = ATN(1,2)
HUIT(2,2) = AIN(2,2}
GUIT(l,1) = VMEE(PIN,HUIT)
GUIT(1,2) = VMET(PIN, HUIT)
GUIT(2,1) » VHFE{PIN, HUIT)
GUIT(2,2) = VMTT(PIN,HUIT)
PUIT{1,1) = VMEE(AIN,GUIT} + QIN(1,1}
PUYT{1,2) = VMET(AIN,GUIT)
PUIT{2,1} = VMTE(AIN,GUIT)
PUIT (2,2} = VMTT(AIN,GUIT)
RETURN

END

EUBROUTINE KALMG (XIN,WHOED,BTAU,AIN, PIN,QIR,XUIT,KUIT, QUIT, PUIT)
calculatas X{k+1/k} and
Pi{k+1/k)

REAL XIN(2), AIN(2,2), WHOED, BTAU, PIN(2,2), QIN(1,i}, XUIT(2}

REAL WUIT(2,2), GUIT(Z,2}, PUIT(2,2)

XUIT{1) = VMVECE(AIN,XIN) + (XIN{1)*WROEDXBTAU}/(XIN(2}}
XUIT(2) = VNVEGT(AIN,XIN}
HUIT(1,1) = AIN{1,1)

HUIP{1,2) = AIN{2,1)

HUIT{2,1) = AIN(1,2)

HUX'T{2,2) = AIN(2,2)

GUIT(1,1) = VMEE(PIN, HUIT)

GUIT(1,2) = VMET(PIN,HUIT)

GUIT(2,1) = VMTE{PIN,HUIT)

GUIT(2,2) = VMIT(PIN,HUIT)

PUIT{1,1) = VMEE(AIN,GUIT) + QIR(1,1)
PUIT(1,2) = VHET(AIN,GUIT)

pLLL(2,1) = VETE(AIN,GUIT)

PUIT({2,2) = VMIT(AIN,GUIT)

RETURN

END

AR AR AN TR AN AR AR AN R RN AN Ak kA AR AR AR AR AN R AR AR AR RN RA R
nultiply matrices
FUNCTION VMEE(H,D)
RERL B{2,2), b{2,2}
VMEE = B(1,1)*D(},1) + B{1.,2)%D{2,1)
RETURN

END

RERL FUNCTION VMET(B,D}

REAL B{2,2), D{2,2}

VHET = B{1,1)*0{1,2) + B(1,2)*D(2,2)
RETURN

END

REAL FUNCTION VMTE(B,D)

REAL B(2,2}, D(2,2)

VMTE = B(2,1)*D(1,1) + B(2,2)+D(2,1}
RETURN

END

REAL FUNCTION VMTT(B,D)

REAL B(3,2}, D(2,2

VHMTT = B(2,1)%0(1,2) + B(2,2)*D(2,2)
RETURN

END

mat*vactor
REAL FUNCTION VMVECE(B,Z)
REAL B(2,2), 2(2)
VMVECE = B(1,1)%2(1) + B(1,2)%5(2)
RETURN
END

REAL FUNCTION VMVECT(B,Z)

REAL B(2,2), Z(2)

VHVECT = B{2,1)+2{1) + B{2,2)*5(2)
RETURN

END



XN a X4 + Kk (G4)}
BN = P4 = BaRCreinv{H4}scxps;
-] I
$lrisy

Pq = PN;
TERM = ALFA®{{Th/TDH)=-1}/H{i);
:Raads input of ‘gquil’ A = [g.'.gug)grrm 34(1,”-,';“
¥ . 1.0 :
ormat long; L = [{-1)¥TERMXA (1) #24(2) ’
ydut; A = Avie ; 1
Yevon; A%X4 + Lj
hoog) ;:{ = ARPERAY 4 Q45
tiid; P = PNy
TEL= input(’Eptar the Tce-LW (TEL): 3 % A
TEH= input(’/Enter the Tce-HW (TEH) ) alon 4{1};:
TDLa= Snput(’Enter tha Tod-LW (TOL)! " it ™o »= 9B
TDH= input(’Entar the Tcd-HW {TDH): H) T H
ML, = input{’/Enter tha initial M-IW (ML): 1) ¥z . erosion HW
M = input(’Enter the initial M-HH (MH): ) Hz(l) = x; s
WL = input{/Epter the initial W-IW (WL}: " s c Ez Cf 4 R}
WH = input(/Enter the initial W-HW (WH): ) S = Y({i) - Cexa;
qul= input{’Enter 432 erosjion IW {qul): 3] B d2 = lu!';(detmz)),-
gquz= input{’/Enter 22 ercslon AW (gu2}: 1y Ko 2 = GZ**.}:\V(Hz)tgzr
qui= input{’Enter ¢22 sedimentation LW (gud): 3} xN = ;';f E Ki?;g!z),-
. imentation HW ' - i
qua= input(’/Enter q22 sedimen {qus) s } PN = P2 - Pzac’ winv(iz)worps;
X2 = XN}
P2 = PN;
A = [1,0 ALFAS[{Tb/TEH)-1)/H(L
0.0 1.0 h ) ;
K = AR;
PH = RAPRWAT + Qu;
X2 = XN}
r2 = PNy
als§ T X2y
¥ ond no erosion, no depesition HW
end
else
if Tb <= TR,
depo
X -5 position IW
H3 = C4BpIRCY + R
63 = ¥{i) - C#x3;
1ik3 = lag(det{H3}};
hod3d = GI’winv (H3) #G3;
K = P3*Q/winv(HI);
XN = X3 + Ke(@3};
;g - ;:] = P3*C! winv{H3) *C*P3;
= i
. ‘E:}q“n P2 = PN;
¥ TERM = ALFA*(({Th/TDH}~1) JH{1)
t Determines the process nolsa covariance matrix (to estimate M and W}, A = [L+X3{2)*TERM ¥3{})*Tkkt
% Shows the likelihood functions of Qil, with known Q22 0.0 1.0 14
: L = [g-;)*wmtxamuxz(z)
format long; b - M).ca + L} u
R a 7.0e~5; PN = R4PIXA’ 4 Q3;
RUIS = l0e-11; ¥ = ¥ !
[+] = [1 0); B3 = PNy
ALFA = 714} X = X3}
for § = 1:10 alse
g{%)- iﬁﬁ‘,"s’ it Th >= TEL
" H
QL = (RUIS 0.0 ¥ K1) = X: arosion LW
02 - (RbTs oo i
oo avals Gl = ¥(l) = eX1p
@ N [RI'JIS e 1ikl = log(det(H1));
o Gl hodl = Glisinv(H1)*61;
ORI K = PieC*inv(H1)]
oo andlr XH = X1 + K¥{G1};
« .o 661; . ;}ll = Pl ~ PANC/ *inv(H1) *CePl1;
. - XNz
X1 o= (X ' Pl = PH;
2 - [',?'” A = [1.0 ALFA*{(Th/TEH)=1} /H(i)
uH); M w ek 1
¥ = [1}"’1-11 PN = RWELAR' + Q13
w - B
PLomR 0.0 ame
b2 = Pg; .07 % and no eroslon, no deposition Lw
Pl = Pl . end "
P4 = Ply end
LIR1 = 0.0} LIK: = likl + LIK3};
LIK2 = 0.0} LIE2 = 1ik2 + LIKZ2;
LIK3 = 0.0} LIK3 = 1ik3 + LIK3;
LIK4 = 0.0} ' LIK4 = lik4 + LIK4;
HODL = 0.0 HOD1 = hodl + HOD1;
HOD2 = 0.0} HODZ = hod2 4+ HODZ;
HORA = 0,0} HOD3 » hodd + HOD3;
HOD4 = 0.0¢ HOD4 = hodd + HOD4;
1iki = 0,07 end ’
1ik2 = 0.0; %
1ik3 = 0.07 %
l1ikg = 0.0; L]
hedl = 0.0} ML1{j} = 0.5%(LIKL + HODi}; bopalen van L-
hod2 = 0.0 HL2(j} = 0.5%(LIK2 + HOpZ)}
hods = 0.0} ML3{3}) = 0.5« (LIK3 + HOD3};
hoda = 0.07 MLA(J]} = 0.5%(LIK4 + HOD4);
for L = 113147 end
Th = 4,831 (4) f ((H{1}-1)~(0.30}) ¢ somdlogx (RN, ML1)
: title{’Likeilhood Q11 Erasien LW}
pause
¥ semilogx (RN, ML2)
ig (i) >= 17.40 titla{'Likelihood Q1 Erosion HW! }
if Tb <= TOH pavss
T ‘a1 = X depaosition HW samilogy (RN, ML}
HA( ! : cipuc' + By title('Likelihood Q11 Sedimentation LW!)
g4 = ¥(d} - C¥x; Pemilo
% (RN, ML4)
%i!;: - ég?ig:f,ig:né” title('Likelihood 011 Sedimentation HW')
K w P4wC inv(H4) pause



] {EXTY
; Reads Input of ’'qu2a’

%

format long;

ydat}

vtwas;

hoog;

tija;

TEl~ input(’Enter the Tce~IW (TEL): ‘
TEH= input(’Enter the Tco-HW (TEH}: !
TDL= input{’Enter the Pod-L¥ (TDL): 4
TOK= input(/Enter the Yod-HW (TDH): '
ML = ipput(’Enter the initial M-LW (ML)
MK = input(’Enter tha initial M-HW (MH):
WL = input(’Enter tha initial W-IW (WL}:
WH = input({’/Enter the initial W-HW (WH}:
qul= input(’Enter qil eroplon LW {qul):
fua= input(rEnter gil eroslon HW {gqul}:

quim input{’Enter gil sedimentation LW (qui}: 'y
quidw input{’Enter gll sedinentation HW {qu4}: n

-y

% Determines the gxocess noise covarianc
% Shows tha likelihood functions of Qr2,

format long;
= 7.0a-8;
RUIS = 1De-11;
c = (L 0];
ALFA = 724}
for § = 1310
RN(J)= 10%RUIS;
RUIS = Rﬂfj):o

Q1 = [qul o.
0.0 RUIS];
Q2 = [qu2 0.0

0.0 RUIE);
Q3 = (g3 0,0
0.0 RUYS}q
0.0

.
0.0 RUIS);

X1 - X
HLI;
Xz = [X
W1y
X3 = [X
WL ;
X4 = [%
WH);
Pl = {R 0.0
0.0 1.0);
P2 = Ply
B3 - Pl;
L] = Pl
LIK: = 0,0}
LIK2 w 0,0}
LIK3 = 0,0}
LIK4 = 0.0}
HOD1 = 0.0;
HODZ = Q,0;
HORY = 0.0y
Hob4 = 0,03
1ikl = 0.0}
lika = 0,0}
1ik3 = 0,0;
1ik4 = 0.0}
hedl = 0.0;
hed2 = 0.0;
hodl = 0.0y
hod4 = 0.0;
for } = L:21

47
Th = 4. 8308V (L) {{HI)~1)~(0.30)) ;

-~

18 H{1} > 17,40
if T e= TOR

Xa(1) = %y

He = CYP4WC’ + R}
G4 = ¥Y(i) - CwXd4;
lik4 = log{dat(d4));
hodd = GA/»iny{H4)}wG4;
K = Pa%O inviHg);

PN = AEPARAY 4 Q45
X4 = XN;
ng = PN;
X = X401}
slsa
1f Th == TEH
) % erasion KW
) X2(1) = X}
H2 = QWEIWC! + R
), G2 m Y(i) - oaxa;
J) lik2 = log{det(H2));
,) hed2 = G27¥inv(H2)*G2;
n K = P2MCIRinv(HZ);
, | XN = X2 + K*{G1)
‘) PH = P2 - P2RQIriny ()2} wowpa;
} X2 = XN;
P2 = BN;
A = (1.0 ALFR*{(Tb{TEH)-1} /{{4}
.0 1.0 b
XN = R¥Xi:
PN = ANPARA' + (23
X2 = XN;
P2 = PN;
X = X2(1);
glse
x
end
and
elaa
it Th <= qpL
deposition Ly
X3{1) = ¥} P
H3 ™ CANPARQY 4 p;
Gl = Y(}} - cowya;
k3 = log(det(Hi));
hodd = G3f*inv{H3)wGa;
K « PIRCIhinv{H3},
N = X3 + K%(G3);
bl = P} = PS*C'*inv(HJ)*C*PB;
X3 = XN}
3 = PN;
TERM = ALFA®{ (Tb/TDR}-1) /H(4);
A = [L+X3I(2)%TERM  X3{1) ~TERM
0.0 1.0 ;
5 g:ﬁrix (to estimate M and w). L = [5~3)*TERM*XS(1j*x3(2)
W {=} . y
known Qi1 st - AMKY 4 I H
PN = A*P3ART + Q3;
X3 = XNr
b = B
X = X3{1);
elsa
if Th >= TEL
% erosion LW
X1(1) = X;
H1 » CRPLACY 4 R}
61 = Y{i) ~ ¢wx1p
1iKl1 = logfdet(li1));
hodl = Gl7#inv(H1}#G1;
¥ = PlrCreiny(Hl);
KN = X1 + K¥(G1);
My = Pl ~ P&/ *inv(H1) kCaP1;
X1 = XN;
F1 = PN;
A = [1.0 ALFA*((Tb/TEH)~1) /H(4)
0,0 1,0 ¥
™ = AWX1}3
BN = RMAPLRRT 4 QI
X1 = XN}
Pl = PN}
X = X1{1);
alos
3 no erasion, ne deposition Lw
end
and
and
LIK1 ~ likl + LIK1,
LIK2 = 1ik2 + LIK2;
LIK3 = 1ik3 + LIK3;
LIK4 = 1ikd4 + LIR4;
HOPL = hodl + HODL;
HOD2 = hod2 + HoD2;
HODY = hadd + HAD3
HOD4 = hod4 + Hob4p
end
i
$
% kepalen van L~
ML1(])) = B.5%(LIK: + Hom) ;
ML2(]) = 0.5#(LtK2 + HOD2);
MLA(]) = 0.5%{LYK3 + HOD3);
MLA(]) = 0.5%(LIX4 + HOD4);

deposition aw

I =X+ K-(gn:
B = PA ~ PA*CTHinv(H4)ACHP4;

X4 = XN}

P4 = BN;

TERM = ALFA ( (Th/TDH)-1) /H{4);

3 = E1+X4 (2) *TERM X4 {1} %TERy
0.0 1.0 1:

L = [g-g)*rsnu*x4(1)tx4(a)

i

xR = A*K4 + L;

semilogx (RN, ML1)

title(’nikelihood Q22 Erosion Lw!)
pausa

semilogx (RN, ML)

title{‘Likelihood Q22 Ercsion KWy
paves

semilogx (RN, ML)

title(’Likelihood 22 Sedimentation LW/}
pavee

semilogxinﬂ,umi)

titla{‘Likelihood Q22 Sedimantation HW')
pausa

n& erealion, no deporiticn Wy



B s (57

% Reads input of fkalfil’
¥

L3

format long;
ydat}

vtwes }

tijds

TEL= input{’Enter the Toa-IW
TEHe input(’Enter the Tce-HW (TEH): ')

TDL= input(’Enter the Tod-LW (TDL): *)

TPH= input('Enter tha Tcd~HW (TPH): 'y

ML = input(/Entar the initial M~Iw (ML)! ¢)
MH = input{’/Enter tha initial M~HW (MH): ‘)
WL = input{‘Bnter the initial w-Iw (WL)1 *)
WH = input (‘Entex the initial w-HW {WHY : )
Q1= input(’Enter Q erosion LY (Qi): '
Q2= input(‘Enter @ erosion HW (Q2i: ‘)

Q3= input(’Enter q sedimentation Iw (Q3): *y
Qd= lnput(/Enter Q sedimantation HW (Q4}: 3]

(TELY: 1)

l :‘kaltil |

% Estimates M and W ueing the method of (axtended) Kalman filtering.

§ 0 and Tau-critical can ba read with ‘rkalf’.

%
%
format leng;
R =« 7.0a-8;
c = [1 o)
RLFA = 7243
X = 0,061;
X1 = [%
HL1;
X2 x
MH];
%3 = [R
WL
X4 = (X
WH);
Pl = [R g.0
0.0 1.0);
P2 = P1;
B3 = Pl1;
P4 = Pl

for 1 = 112147
Th = 4,BA1*V(4}/( (H(L)~2)~(0.30)};
o= Xi{2y,

HE(i) =
MV{l) = X2({2};
WE{1} = Xa({2);
Wv{l) = Xa(a};
3
it H{l) »= 17.40
if Th <= TOH
X4(1) = X;
H4 = ChP4AC’ & Ry
G4 = ¥(i) = C*X4;
X = PAwC/winy(H4);
XN = X4 + K%(G4);
PH o P4 o paNC/ winv(HY) 4Capa;
X4 = XHj
P4 = PN}
WY(l) = X4(2);
CC{l) = X4(1);
TERM = ALFA®{ (T/TDH) ~1) JH(1) )
A @ [1+X4 (2} *TERM X4 {1)}%TERM
0.9 1.0 H
L = [{-1)*TERM*X4 (1) 4X4 (2)
0.0 i
XN = AvY4 + L;
PN = ARRARQ’ + Q4;
Xé = XN
Py = PNt
X o M4 (1} }
alga
1f Tb »>= TEH
3
K21} = X§
Hz2 w CHP2NCY 4+ Ry
G2 = ¥{1} = CaX2;
R = P2ag/ kinv(H2};
XN = X2 + Kn{G2)}
N @ P2 « P2#C/winv(H2)AQ¥P2;
X2 = XN;
P2 = PN;
MV({i) = x2({2)¢
CC{i) = Xa(1}s
= {}.0 2L§A*t(ThITEH)~1)IH(i)]
XN = ANX3}
PN = RAAP2FAY + (2}
X2 = XN}
P2 = BN
X a K21}
elsa
%

initinl values

deposltion HW

erosion HW

no arosion, no depaosition HW

if L

cefi) = Co(i-1);
lsa

CC{l) = X3

nd

[}
end
and
alse
if 7h <= TDL
K3{1) = X
H3 = CRP3*C’ 4+ Ry
63 = ¥{i) - c#x3;
X = PIRCHHinv(N3Y )
XN w X3 + K&(G3);
PN = P} = PY#C’'%inv(H3)#Capay
%3 = XN;
P3 = PN}
WE{Ll) = Xa{2);
cel{iy = ¥a{1
TERM  w ALFA®( (Th/TDH)~1) JH{4};
A = [1+X3{2)*TERM X3 (1} *TERM
0.0 1.0
L = [{=1}#TERM#X3 (1) ¥*X3(2)
0.0 1i
¥ = AFX3 + L}
PN = RRPIHRAS + Q33
X3 = XN;
P3 = PN;
X = X3{1);
alee
if Th »>= TEL
| 4
Xi{1) = X;
H1 = CSPlaC! & Ry
Gl mY(i) - ChRY;
K = PAMCA winv{H1);
XN = XL+ K» (01){
N = PEL - P1AO‘*iny{H1)*04D1;
X1 = XN}
Pl = PN}
ME(1) = X1{2};
ccf{i) = X1(1)s
= {1.Q0 ALFA*({{Th/TEH)-1)/H(L)
0 1.0 1
XN = AwXl;
PN m AWPLWAS + Q1;
Xa = ANy
Y = Py
X = X1(1);
alea
irlis»1
co(l) = cofi-1)p
ae
ce{i) = xp
end
snd
and
and
and
¥ plot (T, ME)
t title(’M_hat Eromion IN‘)
{ pause
T plot(T, MV}
3 titla(’M_hat Erosion uW’)
{ pausa

¥ plot(T,WE)

% titla( ‘W _hat Sedimentation Lu/)
% pause

% plot(T,WV)

¥ title!’W_hat Sedimentation HH’)
t pause

pPlot(T,¥,":7,0,Q0)

title(’c_hat - & Observations ..r)

li k!maani

dapesition LW

arosion LW

ne erosjion, ho depositi

% Computes the mean values of the estimates of *kalfilr

i started at k = 1p000.
¥

t
format long;
somi = 0f
soma = 0j
somd = 07
Homd = 0F
for 1 = 1:2147
if 1 »= 1000
+ soml]
+ som3;
+ BOm3;
+ aond;

end

Ml = som}/1148

pause

M2 = gom2/1148
aues

Wl = gom3/1148
ausa

paul
Wi = pomd 1148
pausae



™

: Reads input of ‘mehrai’

%

Format long)
ydat;
viwaa;

TEL = input(’Enter the Toa-LW (TEL}: *)
TER = input(’Enter the Toa~HW (TEH): *
TDL = input(’Enter the Tcd-LW (TDL):
ThH = input(’Enter the Tod-HW (TDH)}t ¢
ML = input{’Enter M-T¥: )
MH = input{’Enter M-HW: ’)
WL = input(’Enter W-IM: )
WH = input(’Enter W-HW: ¢}

& To identify the process neise covariance matrix using
% the lterative method, deacribed by Mehra in 1970,
: (Usas & batches of 430 points).

3 initial values
format long}
it = input{‘Enter the number of the iteration to atart with {first is 0y
41 = inpuk{’/Enter the initial Qll-araalon-1d: 7}
@2 = input{’'Enter the initial Qli-erocalon-HW: *)
Q3 = Input(’Enter tha Initial Qll-sedimentation~LWr )
Q4 = input({'Enter the initial Qll-sedipantation-HW: *}
X1 = 0,061
e = Kl§
px] = Xi;
X4 = X1;
R = 0.7e~7}
ALFA = 724;
AL w1
A2 =1
GAY = 0
Ghy = 0;
tald = 0}
tel4 = 0
It it ~= 4
grens = 430% (1t + 1);
aloe

grens = 2147}
d

for i = ligrens
18 1 »= 1b%430 + 1
Th = 4,832V (i} /{(H{i)})~1)~(0.30));
it H{L) >= 17.40
if Th <= TDH

e
= 1 + ALFA*WH#( (Th/TDH) -1} /M (i
o = Ad + Gh4; il
A4 = GNj
and
alae
if Th <= TDL
th = teli+l;
tell) « tn;
A3 =  + ALFANWL® ( (Th/TDL)-1) /H{l);
GN ~ A + GA3;
GA3 = GN;
end
end
end

and

PHIJ = GA3/teld;

PHI4 = GAd/teld;

MH1 = D,5%(R*ALl~2 + Q1 - R} + D, Gwsqrt((R-R*A1~2~Q1)"2 + 4WQL*R);

¥N2 = 0.5%{RMAI*Z + Q2 « R) + D.5*aget{ (R-ReAZ2*2-(2)"2 + 4*Q24R};

MN3 = 0, 8% (R*FPHI3*2 + Q3 -~ R) + 0.5¥8qrt({(R-R4PHIZA2-02)}~23 + 4A%Q3*R);
KN4 = 0.54{R*PHI4*2 + Q4 ~ R) + 0.B*sqrt((R-R¥PRI4*2-Q4}*2 + 4%Q4#R};

K1 = MNLvinv{MNi + R);
EN2 w MNIwinv{HN2 + R);
K3 = MN3«Inv(MNI + R);
KN4 = MN4#inv({MN4 + R);
h - gy
] =

k =0

1 = 0;
Pl = MNY;
P w MN2;
B3 = MN3}
B4 = MNA;
%

X

%

for 1 = l:grens
%g iom itx430 + 1

LS EFLE H(i)=1)~ s
i€ nei) om 15.35(( {i)=1)~(0.30});

it Th <= TDH
lpaw = 1417
1 = lnaw}
AP4{1)= D4;
n(l) = ¥(i) - X4
XN = X4 + KN4wn4 (1)
PR = P4 = P4%inv{P4+R)#P4;
X4 = XM:
P4 = PG
XN = PHIAwX4)
BN = PHI4*PAMPHIA! + Q4
K4 w Ry
P4 - DNy
alsa
if Th >= TEN
dnew = §41;
= jnew;
AP2(})= P2}
n2(j) = ¥(l) - x2;
XN = X2 + KN2#n2(J);
BN = B2 = Paw{nv{P+R)4D2;
X3 = XN
P2 = PN}
XN = A24U2 + ALFRAAMH*{ (Th/T -
BN = Azpaen2s 4 qug L TERITLI /L) )
X2 u XN;
P2 = PN;
and
and

alag
1f Th <= THL
Knaw = ki
x = know}
AP3 (k)= P3;
ni{k) = Y{&} ~« X35
XN

= X3 + XH3*na(k);
PR = P3 = PI%inv(PI+R} Py,
X3 - XM
P3 = PN}
XN = PHI3AX3;
PN = PHIJ*PI+PHIZ’ + Q3;
X3 = ¥N;
P - PY;
elas
18 Th »= TEL
hnew =~ h+lj
h = hnaw/
APL{h})= P}
nifh) = ¥({i) -~ Xi;
W = X1 + KN1%nl(h};
BN = Pl =~ Piwiny({P1+R)¥p1;
Xl w XN}
P = P}
XN = A1#X1 -+ ALFARML*{(Th/TEL)=1) /H{1);
b3 = RAL*PLAALY 4+ Q1;
h.4 ) = AN}
PL = PN}
end
end
end
and
end
]
%
it h < 30
ALep{ ' WARNING] ")
giap('n erosion LW < 307)
and
if ) < 30
disp{ 'WARNING!’)
giap(‘u erceion HW < 207)
end
if k < 30
Aisp( 'WARNING! ')
giap(’N sedimentation LW < 30¢)
énd
if 1l < 30
dlap( THARNING! )
glsp('H sedimantation HW < a0¢)
end
3
L]
som = 0f
AMS = 0;
for L = 1;h

E = nl{i)eni(i);
8 w B+ domg
aom = 5;
reste= AP1(1) +AMI;
ANS = rast;

end

CN1 = som/h;}

éEl = AMS/h;

for ¥l = 1:30
som = 07
for L = I141th
E = ni1{i)*n1{i-I1};
8 =E + somy

som = B}
and
ROL(I1) = gom/{h*CHN1};
F1(T1) = I1;

PLS1({I1) = 1.86/sqrt(h};
HIN1{I1) = -1.96/3qre(h);

model

ERROR ?

cn1{0)}

& A.m

ro_dakjeiik)

e 2(0)

& A.mr



E = n2{i)m2(l);
5 = B + som;
som & 87
ragte APA(1) +AMS;
AMS = rest;
and
CHZ = 9emI31
4:1:3 = RMS/}1
for I2 = 1130
BOM ¥ 0}
for £ = I2+2:3
g = n2{i)nz(i-I2);
g8 = E + song
gom = 8¢
and
ROZ{12) = acom/(J~CN1);
Hz{Iz) = 127
PLB2{IZ2) = 1.,96faqrt(j}}
MIN2(I2) = ~1.98faqut(i)}}
and
%
% C*3(0} & A.moal
aom = Qy
ANS = 0
for 1 = 15k
B o= n3{lyena(iy;
L] w E 4+ somj}
gom » 5]
raste AP3I{L) +AME;
BHS = rast)

ro_dakjea (k)

and
CH3} = pom/X}
233 = AMB/X}

for I3 = 1330
gon = Of
for i = Id¥+lik
E = ni(l)*nd(i-13}}
a = F + pom;
gor = 8y

ro_gakjed (k)

= gomf {K*CN3)
N3I(XY) = 13§
= 1.96/8qre(k);
B =1.56/sqrt(k};

x C*4(0) & A.msed

{i)*nd(i};
8 = E + som}
som = B}
rept= AP4{1} +AMS;
AME = rasty

and

CH4 = som/1;

AB4 = AMS/1;

%
for I4 = 1:30
gom = 0;
for & = I4+1:d
E = nd(i)nd (i~T4);
8 = F + gonj
gom = 5;

ro_dakied (k)

= gom/[1*CN4);

N4(14) = Ta;

PLS4({14) = 1.96/8qrt(l);

MIH4(Id} = =1.96/agrt(l)’
and
¥
X
X te caleulate Q°
T1 = KNL#CNL + pinv(ALl}#ROL(1)*CN1j
T2 = KH2ACHZ 4+ pinv(A2)+R02 (1) +Ri2;
T3 = KN3*CH3 + pinv(PHI3Z)*ROI{1)#+CHI;
T4 = KNA*CH4 + pinv(PHI4)*RO4{1)*CH4;
T4 = R1S2%T1L - ALk {~KHL1#TL1! = TLAKN1 + XH1*2&CHL)*Alj
Qb + (1/{it+1})*(quid-Q1);
T3¢ — A242%72 « ASH(-KNZAT2! = T2#KN2 + RN2~2#CH2)*A2;
03 + {1f[iv+1))*(qu20-02) )
quld T3¢ ~ PHIZIA2#T] = PHLIR{~KNI#TI* = TI*KNI + KNI~2+CN3)APHII;
QU w Q3 4 (L7 {AErL) )+ (qu3d=a3) )
guat = P47 ~ PHIA24T4 = PHIA*(~KNA#T4? « T4#RNR + KRA*2*CiRe) *PHIA |
QU4 = Q4 + (1/({it+1))*({qu4i0-~Qd);
%

L]
L]

L]
disp(’log~likelihood ereslon LW:’)
LIKl = ~CR1/{(MN)+R) ~ log{ab# (MN14R))

2
El?ll

RESULTS!

pausa

disp(’Actual mee eroslon LH:‘)

AE1

pause

disp(’caloulated mse erasion LW:!')

Nl

pase

disp{’estimate of Q erosion LiW:’)

[+1i5 %

pausa

&ipp(’log=likelihcod erosion HWi’)

LIK2Z = ~CHN2/(MN2+R} - log{abs(HN24R))

pausa

diep(’Actual mse erosion iW:’)

hE2

puse

disp(rcaloulated mse evosion HWi’)

MN2z

panse

digp('eskimate of Q erosion HWI'})

quz

pause

disp( log=-likelinood sedimentation Lw:’)
TIKI = ~CHA/ (MN3+R} - Llog(abs (MNI+R))
auga

gisp(‘aat:unl mea Adedimentation IWt’)
RE3

pause
disp(rcalculated mse sedimentation LW:)
M)

pause
eiap(‘estimate of Q¢ sedimantation TWi‘}
nua

pause

disp('log-likalihood sedimentation Hu:’}
LIX4 = ~CW4/(MN4+R) ~ log{abm(MN4+R)}

pauss

déixp{'hcmul mae sedimentation HW:‘)

A

yausge

?ﬂ.’;:pi'cuoulatad mse Hedimantation XW:')

pausa
g&:pt'estimata of ( sedimentation HWi’)

pause

plot{N1,R01, ‘x¢,N1,PL81, "¢ H1, HINL, 1 1)
titla(’ro Erecalon LW it")

pausa
plot(N3,RO%, "x’, N2, PLE2, ' 17 N2, MIN2Z, "1}
titlel're Erosion MW it?)

pavea

PLOt(N3,ROI, *x* N3, PLS3, "1 ¢ NI, MINI,?;7)}
titla(‘ro Gedimantation L it}

pausa

plot (N4, RO4, %! N4, PLS4, "1 N4, MING, 757}
title{’ro sedimentation HW it}

pauRe



TERM = ALFAMH/H(1);

A = [1+TERM*{ (Th/X4(2)y=1) -X4 (&)*’EEEH*TI:MK4{2})“2]
0.0 1.0 i
L = [TERMX4 (1) %Th/X4 (2}
P 0.0 1
TR SN I *
PH w R¥PANAT + Qd}
% Reads input of ‘gqutadl’ ) - XNy 4
: Pa = PH;
format long; els§ = K4 (1))
el if Th >= TEH
;rltwee; % erosion HW
tﬁ?ﬁi X2(1) = xi ver
MLm= input(’Enter the M-L¥W (ML): 3] gi i g El; E c:x]‘?-
WH e Input(/Enter the K~HW (¥H): ey H 1( dut i
WL = ipput{’Enter the W-I¥ (WL)1 ) 1ik2 o o?( et (H2) ) ; .
WH = input(’Entar the W-HW (WH): 4 hod2 : gg.;:}nr(‘}izl)i;t)iz,
TEL = ipput(’Enter the initial Tau-erosion Id (TEL): *) K Pase k*nszs) ;
TEH = input(‘Enter the initial Tau-ercaion HW {TEH}: +) 1w : L szt-c'w;{ viNZ)verPa;
TOL = ipput (’Enter the initial Taw-gadimentation LW (TOL): *) gl: T b))
TDH = input(’Enter the initial Tau-sedimentation HW (TDH): *) 4 - PN;
qul = input(’Enter g22 erceion LW (qui): ] Tew = xBla);
qu2 = input(’Enter g22 aeroslon HW (gu2): ‘) TERM = ALVAWMR/H(L);
qu3 = input(‘Enter q22 sedimentation LW {qu3}: 4y o S AT -'rmri'b,r{xzcznna
qué = Input{‘Enter 22 sadivantation wd {guid: ¢ 1 0, T
L = [TERM* (2% (Th/X2({2))~1}
0.0 11
XN = AMX2 + Y
PN = ANPZRAT 4+ Q2
X2 w XN
2 = PN}
¥ = X2(1);
3 alie
% no ercslon, no deposition HW
end
end
elsa

if b <=

%
%
_ gq'ugnn'? % depepition L

=]
g
34

X¥(1) = X3
% Daternines the process nolise covariance matrix (to estimate H3 m CHPINC t R,:
i R i £ 011, with known Q22 ?21:3 : ?.cg;}d;t?u‘::)‘;z
: Ehowa the likelihood functions of Qi1, w hod3 = 6374 inv(M1)d3;
% K = Pa*c’l‘;i?\rtll'u):
ormat lon XN = X3+ Rr(g3);
g. il : 7?02-’-31 PN a P3 = PIRCIwinv(H3) *CAPI;
ROIS = 1l0e~ll; X3 = XNt
e = [4 0); P3 = PN;
ALFA = 724} TDL  w Ra(2};
Tor § = 1ia0 TERM = ALFAML/H (1)}
RN{j)}= IN¥RVIS; A = [J+TERM® ( (Th/X3(2})~1) -X3 (1) *TERM*Th/ (X3 (2)) ~2
HUIS = THINY 0.0 1.0 ! i 11
QL = [RUIZ 0.0 L = [TERMAX3 (1) #Th/X3(2)
0.0 quil; 0.0 H
Q2 = [RUIE 0.0 XN = A¥X3 + L
0.0 quaj; PN = AWPIWA? 4 Q3;
Q3 o [RUIS 0.0 X3 - XN}
0.0 mgua); P = PN}
Q4 w [RULIS 0.0 = Xa(1}y
0.9 qudl; elma
TEL = 0.14; £ Th »>= TEL
TEH = 8,20 % arogion LW
TDL = 0.08) X1(1) = X;
TOH = 9,08} H1 = C*RLWC! + Ry
X = 0,061} 61 = ¥{i) - ey
X1 = [X 1ikl = log{det{H1));
TEL] hodl = Gifwinv(H1)*d1;
X2 = (X K = PI+Crwinv(H}) ;
TEH) ¢ XN = X1 + Kr{G1);
X3 = (X PN = Pl = P1ACIwiny(H1) *Cepl;
TOLY ; X1 = XN}
¥a  af Pl = Py
TDM) § TEL = X1(2);
Pl = (R 0.0 TERH = ALFARML/H{i)
0.0 1.0]; A = [1.0 ~TERM*Th/{X1{2)}~2
P2 = Pl; 0.0 1,0 1
P31 a Pl} L = [TERM* 2% ((Th/X1(2})-1}
T4 =Py 0.0 1t
LIKL = 0.0} XN = AWXL + Lp
LIK2 = 0.0} PN w AWPLEA! & Q1;
LIK3 = 0.0} i - X}
LIK4 = 0.0} Pl w PN}
HODY = 0.0; X = X1(1};
HOD2 = 0.0} % alse
ROD3 a 0.0} % na erosion, no deposition I
HOD4 = 0.9 and
1ikl = 0.0; and
lik2 = 0.0} end
11k =« 9.0} LIKL = 1ix) + LIR1;
1ik4 = 0.0; LIK2 = 1ikd + LIKz;
hodl = 0.0} LIKY = 1ik3 + LIK3;
hod2 = 0.03 LIK4 = k4 + LIK4;
hodd = 0.0; okl = hadl + ROD1;
hod4 = 0.0f HODZ = hod2 + HODZ;
for i w 1312147 HOD3 = hodd + HOD3;
Th = 4.BILMV{L)/ ((H(1)-1) ~{0.30}); me = had4 + HODM;
en
% ]
%
ig };éi.};: 1:1"6;0 % 1 bepalen van L~
L MLA(]] = 0.54(LIKL + HODL};
% deposition W MLZ(3) = 0.54(LIK2 + HDDZ%;
X4{1) = X; ML3{}} = 0.5%(LIK3 + Hob3 1
H4 = ChPakC! + Ry MILA{]) = 0.8%({LYK4 + HOD4Y
G4 = ¥{1) ~ C*Xa; and
1ik4 = log(det(H4)}; samilogx (RN, ML)
hodd = G4fsinv(H4)%G4; title( Likelihood QL1 Ervosion Lut)
K = PAxC/winv(H4) ; % pause
XN = X4 e KN (G4) % semilogx (RN, ML2
PN = P4 = PA*CIwinv (Ha)*0npa; % title{‘Likelihood Q11 Erosien HWe)
X4 = XM; % pause
P4 = PN; v semilogx (RN, HL3)
TOH = X4{2); ¥ title(’Likelihcod Q11 Sedimentation W)

% pause

¥ memilogx(RN,ML4)

t title('Likelihood Q1! Sedimentation HW')
¥ pause



XN = A¥X4 + L;
BN = RAP4MRT + Q4;

X4 = XN;
PA = PN;
] otes | N
&l ritaz F . if Th »>= TEH
: Reada input of ‘qutaz2’ x2{1) = x; erasion W
: e
. = - *xz:
;g::?“- lang; lik2 = log{det(ua))s
viwea) hod2 = GpYwiny(H2)*G2;
haog; K = PR*Cfrinyv(Ha);
tijd; PXNN o X2 4 K*{G?”
M= input(’Enter the M-L¥ (ML): " ¥ oo ;};" Pa%Ci*inv(H2) *c*p;
M= input{’Enter the H-HW (MH): '} 3 - BN;
W= input(’Enter the WeLW (WL): “ TEH = xzi'z) i
W= input{/Enter the W-HW (WH): ] TERM = ALFA*iﬂHH(i)‘
TEL = Input(‘Enter the initial Tau-erosion LW (TEL}: ') Py = [1,0 -TERMATbH/ (X -
352 - inpu::{:gn:ar tl‘:a initiu Tan-erogion HW (TEH): ') 1.0 I / (X3(2) )2
= input(/Enter tha initlal Tau-sedimentation L¥ (TDL): * 5 z i
TOH = input{/Enter the initilal Tau-pedimentatien HW gnu%: '{ = = [Eaﬁﬂ”z'(w“ 2h-u
qui= input{’Enter qll erosion LW (qul): +}) XN w A2 4+ L 1
gule input{’Enter gil erosion WW (gu2}: 4 PN u ARPRRAY i 02
quim input(’Enter g11 sedimentation LW (qua): 7} X2 = XNj ’
udw input{/Enter q1l sedimantation HW (gua): ) ] - PN;
% [-34-1 - X1
¥ end no ercaion, no deposition HW
end
elea
if Th <w DL
. depopition LW
. 3} qutaza X3(1) = X4 P
¥ gg L] C*ES‘C' + Ry
¥ Determines th = ¥id) - cexap
: '-l‘au-critiual)? process noiee covariance matrix (to estimate :];zgg : éo?fgetm:”;
: Shows the likelihood functions of 22, with known Qi1. K = Pg*C‘I‘“illgﬁi,i;?:’
H XN = X3 + Kr(G3);
format long; PR 7R3~ PINCYiny(H3)ecepdy
R = 7,088; X3 e
RUIS = 10a-11; Pa = PNy
] = [1 0]} TOL = X3(2);
ALFA w 7241 ' TERM =~ ALFAWL/H([1)
Sorng(;,}.:tgmms: A = [3+%‘M*((bex3ﬂn-1) Ix:mwrznm'rb”x:(zn"z
. .0 .
gtlus : ![%gﬂno . L = [gngu-xsmwh;xa(a) )
4.0 ROIs); RN woaRxd 41y h
02 = [qui 0.0 PN = AwPasA’ + Q3
0.0 RUIS); X3 = XN;
Q3 = [qu3 0.0 P3 = PN;
0.0 RUIS); X = %3(1);
4 = [qué 0,0 alga
0,0 RUIS); if Tb »>= TEL
TEL = 0.14; 3 ervsion LW
TEH = 0.207 X1{1} = X;
gm. = g.gg: H1 " CHBLNG! 4+ B
D = 0.08; G1 (i) - ot
¥ = 0,061} 1lix1 - 1£ )det?}u);
g { !
Xl = hodl = G17ainv(H1) Gy
TEL]; K = PIncrHinv(H1)}
X2 = [¥ X = X1 + Rn(Gl)}
= &Ell); §;¥ - % = PLiC/#inv(H1)#CHP1;
o
TOL} ; F1 = m:
X4 = [X TEL = X1{2);
- TDH) ; TERM =~ RLFAMML/H(1)}
- R o 2.3” A - [3.3 ;'x‘ummmh,l(n{:n*z
. . . ’
2o P imeimany,
P4 = Pl} A = ARRL 4 Ly I
tigl - g.g; PN = APIsAY 4 Q1y
2 = 0,07 X1 w XN
LIK3 = 0.0} Pl - PN;
LYR4 = 0,0; X - X1{1);
HOD1 = 0.0} % elsa
Egg: = g.g! % ond no erosion, no deposition LW
HOD4 = o.n; ahd
1ikl = 0,0; end
1lk2 = 0.0; LIKL = 1dkd + LIKL;
1ik3 = 0.0; LIKZ = 1ik2 + LIK2;
1ik4 = 0,07 LIX3 = 1ikd + LIK3;
hedl = 0.0§ LIRS = YiK4 + LIK4;
hod2 = 0.0¢ HODL = hedl + HOD;
hodd = 0.0; HOE2 = hod2 + HoD2;
hodg = 0.0} HODA = hodl + Howa;
for i = 112147 HOD4 = hodd + HOD4;
g b= 4BV /(R4 1)~ (0,30) ) s end
: %
L 1 -
i H(l) »>= 17.40 HL1{3})} » 0.8%(LIKL + HOD1); Bepalen van L
if Tb <= TDR Mmt;l) = 0.5%(LIX2 + HOD2)}
£ deposition HW ML (]} = O.5*(LIK3 + HOD3);
X4(1) = X; MLA(]) = Q.54 (LIRS + HOD4 ) ;
H4 = CAp4acr + By end
G4 = %{1) = o4y seniloge (RN ML1)
1ika = log(det(Hd)); title{ Likelincod 022 Eroslon Lut)
hodd = G4/ Rinv(H4)»G4; ¥ pause
X = PARE! kiny (H4) § % senilogx (RN, ML2)
™ = X4 + K*(G4) % title{’Likelihood 922 Breaion HHY)
PN = Pg = pucminv(m)*c*pq; 4 pause
X4 = XN; % aemilagximh:a.n
g;ﬂ - ;::;2) : ;:::;l'h kelihood Q22 Sedimentation Lwry
= ]
TERM = ALFAWH/H{1}; 3 samilugxinn.ann
A = [A+TERM*{ (Th/X4{2))=1) ~ng1)-1'snm'rh/(x4(zn-z : titla(’Likelihood Q22 Sedimentation HW?)
1 pausa
L -

0.0
[TERM#X4 {1} wTh/X4(2)
0.0 1



v{rkalfz]
‘II. { rka

% Reads input of /xalfila’
%

%

format long;

ydat.;

viwaa;

hoog;

tijdy

ML = input(’/Enter tha
ME w= input(‘Entar the
WL = input(’Enter the
WH = input({’Enter the
TEL= input(’Enter tha
TEH= input{’Entar tha
TDI= input{’Entar the
TDH= input{’Enter the

MelW (ML) )

M-HW (MH)1 /)

¥-LW (WL}: 1)

W=HW (WH)1 "l

initia) Tau-arcsion LW (TEL): ‘)
initial Tau-ervosion HW (TEM}: *%
initial Tau-sedimentation LW (TDL): 3]
injeial Tau~sedimentation HW (TDH): )

01 = input('Entar | erosion IM {(Ql): )

-] :]’kaunz}

¥ Estipates Tau-critical uwsing tha ne
¥ Q, Mand W can he read with *knlfar

L]
%
%
format long;
R = 7.08-B;
c = [1 01¢
MLFA = 724}
3 = 0.061;
n w [X
TEL] s
X2
TEH) ;
X3
TDL) §
X4 =
TDR)
Fl1 = [R 0.0
0.0 1.0}y
P2 ~ P1;
P3 = P1;
P4 =P1

= Input{’/Enter q erosion HW [Q2): +)
Q3 = input(’Enter Q sedimentation LW (g3): /)
= Input(/Enter q sedimentation NW (Q4): )

initial values

Th = 4.531*V(})!((H(i)-l)*tﬂ.nO))1
2):

TUL(i) = X1

TU2(1) = Xa(a}:
TUI(1) = X3(a)¢
TU4{i) = X4(2);

it f(i) >= 17,40

£ Th < TDH
IS deposition HW
X4{1) = ¥;
R4 = C*P4NC! + Ry
G4 mo YL} ~ oeda;
X = P4krrinv(He);
XN = X4 + Kn(G4);
PN = P4« DYRCTRinV{HA) *CRP4;
X4 = XN;
P4 = PY;
TBH = X4(2);
TUA(1)= X4{2);
ce(i) = Xa(1};
TERM = ALFA®WHN(1);
A = [1+TERM*{ (Th/X4{2]}-1) ~x¢(1)iTERH*Tb/(x4(2))“2]
0.0 1.0 H
L = [TERM*X4 (1) *Tb/X4 (2}
0.0 1
XN = AxX4 + L7
PH = ARP4RRS + Q4
x4 = XN;
P4 = PN
X = X4(1);
alsqa
if Th >= TRH
Y erosion HW
X2(1) = X;
H2 = CEPAXC’ + Ry
a2 a Y{i} = c*x2;
K o P2eCr*iny (K2}
X = X2 + K¥{G2)};
EN = P2 ~ Pl*c’*invtﬂz)*C*sz
X2 = XN;
B2 = PNy
2u2({ija Ka[2ays
oC(i) = X2(1)¢
TEH = X2(2);
TERM = ALFAXMH/U(LY)
A = [1.0 ~TERM*Tb/ (X2 (2)) 2
0.0 1. 1:
L = [TERMY (2% (Th/X2(2))-1)
0.0 1;
AN = AwY2 + L}
PN = BA¥P2EAF 4+ Q23
X2 = XN;
B2 a PN;
X = X2(1}}

thod of extended Xalman filtering,

glse

no aroslon, no deposition :

depesition LW

[1+TERM( (Th/X3{2))-2) ~¥I(1)MTERMATh/ (X3{2))~2

tH

no erosion, no deposition 1y

%
it i»
Co(i) = co(i=1)y
elsa
Co{i) = X}
end
and
end
alse
if ?b <= TDL
X3I{1) = X
H3 @ C*P3IAC! + R
Ga = ¥(i} - C*¥3;
X = PIrCruinv(H3);
XN = X3 + Ke{B3};
PN = Pl - PB*C"inV(H3)*C*P3;
X3 = AN
P3 = PN;
TUA(i)= X3{2);
co(l) = X3{1);
TOL = Xifa);
TERM = ALFA®WL/H(L);
A =
L - {7 *X3 (1) *Th/X3(2)
.0 M
XN = A%X3 + L
PN = ASP3ap¢ + Q3;
Xa “ XNy .
P3 = PN;
X = XI(1);
else
1f Ts »= TEL
% erosion LW
X1(1) = X;
H1 = CAP1wC! 4+ Ry
GL = Y{1) - C*x1;
K = Plecrainv(Hl);
XN = X1 + K¥(G1);
PR = Pl -~ Pi*C'*lnv(Hliictply
X1 = XN}
Pl = PN}
TUL(Ly= X1{2);
ce{l) = Xr{1);
TEL = X1(2);
TERM = ALFPA*ML/H{1);
2 = (1,0 ~TERMATh/(X1(2)}~2
0.0 1,0
L = [TERMA2%({(Th/X1{2})~1)
0.0 1t
i = AAXY ¥+ L
PN = AP14p‘ 4+ Q1;
X1 - XN;
Bl = PN;
X = X1{1)}
alsa
L
i 1 » 1
cofl) = ece(i-1);
elsa
Ce(i) = x;
and
and
end
and
end

plot(T,¥,":¢,7,c0)

title(’c_hat - & Obsarvations et
plot (7, TuUL)

¥ title(’Tau-ce_hat Erosion L#’}

¥ paung

% plet(T,TU2}

¥ titla(’Tau~ce_hat Erosjon HIR)

% pausa

: olot (T, TCA

X

%

¥

3

-

)
title({/Tau~cd_hat Sedimentation TH'}

pause
plot (T, T04)

title(/Tau-od_hat Sedimantation HW!)
pause

p—e
n tlktmeanz !
%

% Computes the mean values of the astimatas of ‘kalfilar,

: started with X = 1000.

L
format longj;
soml = Of
som2 = 0}
gom3 = 0f
somd = O}
for { = 1:2147
i »>= 1000
} + sonl;
) + som2;
} + aemd;
} + soem4g;

somd = B4j

and

TAUL = goml/1148
pause

TAU2 = 5om2 /1148
pause

TAUL = gom3d/1148
pause

TAU4 = gomd /1148
panse



) :l rgeq]

% Reads input of ‘model’
¥

L]

format lohg}
ydatj

viwes}

hoag;

tiiay

- ${mode)

% Hedel, input read by ‘rgeg’

: Tau~h with a tine-delay
format long !
TEE = input(‘Enter Tce_eb: )
TEY = input(’Enter Tca_vlced: 5]
TDE = input(’Enter Tcd_ebt ')
TDV = input(’Enter Tcd_vlcad: ‘)
HE input(’Entar Mebr !
wy inp\at('Entar Hvloed: )
We input { 'Enter Heb: 5}
W input {Enteyr Wvload: 1)

input{’Enter the initial C: '}

ALPR - 7247
TAUR = 0}

for L = 1:3147
if & »= S0
1a i-49)
0Ly = T{Y)y
1) = Y{d);
if Hii) »e 1‘: 40
gf—(iound(o .03/ (8qre{V(i))*0.008380));
TMIB = 4, BILRV (L) ((H(1-])=1)* («~0.20}}}

if TAUB <= TDV
gﬂ = B + ALFASBAWV*{ (TAUB/TDV) ~3) /H{1};
= BN}

lllll

algg
if TAUB >= TEV
BN = B + ALFAYHV{ {TAUB/TEV) ~ 1}/H{i};
B = BN;
and
end
els; d( At (v{i))
= round(0.13/{aqgrt *0.00B380} )}
ig (i-3) > 0 4 Y
'gmm = 4,831V (i) ¥ ((H{1~J)~1) " ({~0.30)}}
an
if TAUB <= TDE
BN = B + ALFA®B*WE*({ (TAUB/TDE)~1) /H{4};
B = BN;

1sa
if TAUB >= TEE
BN = B + ALFA#ME ({TAUB/TEE}-1}/H(1i)}
B = BN;
end
end

and
w({l} = B}
end

end
plot (TT,¥¥," ¢, TT, W)
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Omschrijvin ) et onderzoek

Het onderzoek is erop gericht om een trend te vinden in het slibgehalte in de
Westerschelde over de periode 1970-1990. Gedurende deze 20 jaar werden op ten-
minste negen plaatsen in de Westerschelde 1 & 2 maal per week, deels op wille-
keurige tijdstippen in het getij, watermonsters genomen om het slibgehalte,
het chloridegehalte en de temperatuur te meten. Dit om trendveranderingen in
het slibgehalte t.g.v. het menselijk ingrijpen (baggeren, storten, etc.) op te

sporen.

Deze metingen blijken weinig bruikbaar voor trendanalyse, doordat de spreiding
groot is. Dit heeft diverse oorzaken. Continue metingen, d.w.z. metingen om de
tien minuten op drie lokaties, tonen een sterke afhankelijkheid wvan het slib-
gehalte van de getijfase cq. de stroomsnelheid aan. Bovendien treden gedurende
een springtij-doodtijecyclus extra veranderingen op. Behalve getij-invlceden
zijn ook seizcensinvloeden waarneembaar. In de winter is de afvoer van de
Schelde in de regel groter dan in de zomer en is er meer slib in suspensie
t.g.v. de golfwerking. Een trendmatige wverandering =zal slechts aantoonbaar

zijn wanneer deze getij- en seizoensinvloeden worden geélimineerd,
Eli e verstorende factore

Voor de eliminatie van het getij wordt een model opgesteld dat weergeeft hoe
de slibconcentratie afhangt van de stroomsnelheid. Nemen we nu aan dat er een
verband is tussen de gtroomsnelheid en het getijverschil, dam is het getij
grotendeels uit de 20-jarige reeks te elimineren., Dit idee Is niet nieuw, maar
de uitwerking wel. Het gevonden verband zal afhankelijk zijn van de geometrie
op de plaats van de meting. Verder zal de ebstroom mogelijk een ander verband
laten zien dan de vloedstroom. Het model wordt daarom ook geijkt op 1l3-uurs

metingen die in de buurt van een meetpunt uitgevoerd zijn,

M.b.v. dit model wordt naast de dagelijkse variatie van het getij en het dood-
tij-springtijeffect ook de 18,6-jarige cyclus geélimineerd. Nadat de metingen
gecorrigeerd zijn, d.w.z. nadat de getij-invliced geé&limineerd is, kan de sei-
zoensinvloed op het slibgehalte worden bepaald. Na eliminatie van deze sei-
zoensinvloed op de twintig-jarige reeks ontstaat een beeld van het verloop van

de slibconcentratie over een aantal jaren in de Westerschelde.
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Begonnen wordt met het opstellen van een model aan de hand van de 10-minuten-
metingen gedaan bij Bath in winter ‘88/'89., Uit deze metingen wordt zowel het
effact van de dagelijkse ongelijkheid als het doodtij-springtijeffect op het
slibgehalte nauwkeurig bepaald. Het hiermee opgestelde model kan verder aange-
past worden voor de l0-minuten-metingen gedaan bij het Middelgat (winter '87/-
'88) en nabij Vlissingen (winter ‘8%/'30).

Getij-~eliminatie Resultaten en te tleom en eerste slibmode

In voorgaande onderzoeken 1is de relatie tussen het slibgehalte en het geti]
geschat m.b.v, correlatiemodellen. Ook is er gezocht naar een zekere trend in
het verloop van de slibconcentratie zonder het getij te elimineren. Bij deze

benaderingen is de spreiding groot.

Om de trendanalyse nu eens op een andere wijze ult te voeren, worden eerst de
onbekende parameters van een model geschat m.b.v., het zgn. (extended) Kalman-
filter en vervolgens worden deze resultaten gebruikt om de ruis ten gevolge
van het geti] op de metingen te corrigeren. Het 1s de eerste keer dat dit pro-
bleem op deze manier wordt aangepakt, d.w.z. met een stochastische modelanaly-

se.

Om de methode te ontwikkelen is eerst een eenvoudipg model gebouwd voor de re-
latie tussen het slibgehalte en de stroomsnelheid. Het eerste model legt een
(niet-lineair) verband tussen stroomsnelheid en slibgehalte op basis van een
eenvoudig massabalansmodel voor een waterkolom. Dit model is gebaseerd op het
principe dat de totale hoeveelheid slih in de waterkolom alleen beinvloed
wordt door de erosie en depositie die aan de hodem plaatsvindt en dat de ver-
deling van het slibgehalte over de kolom homogeen is. De verandering van de
hoeveelheid slib in een waterkolom is dan gelijk aan de hoeveelheid ge&rodesrd
slib aan de bodem minus de hoeveelheid gesedimenteerd slib, gedeeld door de
hoogte van de waterkolom. In formule luidt dit:

dc/dt = (E - D)/H E = erosieterm; D = sedimentatieterm;

H = waterhoogte



——

Er is bij deze opzet gebruik gemaakt van zgn. erosie- en depositiemodellen:
E = M(7p/7ca - 1) VOOY Tp 2 Tea

= 0 elders
D =~ CW,(7y/Teq - 1) voor 7, £ Ty

- O elders

De erosie-en depositiemodellen bevatten vier parameters die met een zgn, Kal-
manfilter geschat worden. Er wordt, vanuit gegaan dat deze parameters per loka-
tie constant zullen zijn. Constante parameters leveren immers een eenvoudig
model op waaruit de variatie ten gevolge van het getij makkelijk te herleiden
is,

Op dit moment wordt er door een afstudeerder van de UT onderzoek verricht naar
het opstellen en verbeteren van het toegepaste Kalmanfilter, zodat de parame-
ters van het model nauwkeurig geschat kunnen worden. Deze benadering geeft al

in de beginfase opmerkelijke resultaten, zie figuur 1 t/m 5,

Voor het afstuderen wordt alleen het model voor de lokatie Bath opgesteld en
worden er ldeeén ontwikkeld voor het aanpassen van het model voor de sltuaties
bij het Middelgat en bij Vliissingen. Verder wordt er een computerprogramma
voor het schatten van de parameters geleverd, dat zal worden voorzien van een
gebrulkershandleiding. Dit programma kan na al dan niet aangepast te zijn, ge-
bruikt worden bij verder onderzoek en kan in de toekomst nuttig zijn bij het

doen van voorspellingen.
Getii-e inatie Verder onderzoek

Het afstudeerwerk beperkt zich tot de situatie bhij Bath, terwijl er ock 10-
minuten-waarden beschikbaar zijn van metingen nabij het Middelgat en bij Vlis-
singen. Op deze twee plaatsen is er sprake van een andere situatie: er is
bijv. duidelijk verschil in slibcencentratie tussen de verschillende lagen van
het water. Hlervoor moet het model uitgebreid worden met een variatie van het
sedimentgehalte over de diepte. Er zullen meerdere parameters geschat moeten

worden., Dit levert het definitieve model.

Nadat de aard en de stabiliteit van de parameters van de modellen op de drie

bovengenoemde lokaties geidentificeerd zijn, kunnen met de gegevens van inci-
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dentele 13-uurs metingen over de periode 1970-1982 op 9 lokaties de parameters
geschat worden, Deze lokaties liggen verspreid over de hele Westerschelde. Op
deze lokaties is bij de 13-uurs meting simultaan slib en stroomsnelheid geme-
ten, Met de modellen kan voor een meetdag de invloed van de dagelijkse vari-

atie van het getij op het slibgehalte worden geélimineerd.

Resteren het effect van het dagelijks getij op andere dagen dan de meetdag,
het springtij-doodtijeffect en de 18,6-jarige cyclus. Om dit te elimineren uit
de l4-daagse metingen zijn er stroomsnelheden op de meetdata in 1970-1990 op
deze negen lokaties nodig. Omdat deze stroomsnelheden niet gemeten zijn, moe-
ten ze op een andere manier bepaald worden. Hiervoor gaan we uit van het geme-
ten getijverschil bij Vlissingen in dezelfde periode. Nu kunnen we, gebruikma-
kend van het feit dat er in estuaria sprake is van een linealr verband tussen
de stroomsnelheid en het getijverschil, uit het getijverschil bij Vlissingen
op de negen lokaties de benodigde stroomsnelheden berekenen. Vullen we de
snelheid in het model in dan wordt een algoritme verkregen dat de slibconcen-
tratie over de jarem 1970-1990 normeert naar een willekeurig tijdstip. Toepas-
sen van het algoritme op de metingen, levert zo een reeks metingen waarop de

vuls van het getij is gecorrigeerd.

Naast de genoemde meetwaarden zijn er ook zgn. WORSRO-meetgegevens voorhanden
over de periode 1982-1993, Hierbij is er eens in de veertien dagen bij laag-
waterkentering gemeten. Bij deze metingen werd o.a. het zwevende stof-gehalte
bepaald, Dit 1s geen aanwijsbare maat is wvoor het slibgehalte [zie nota OW-
90.064, Maldegem & Storm] en er zal daarentegen geen gebruik worden gemaakt
van de WORSRO-metingen.

Selzoenseliminatie

De seizoensinvloed wordt bepaald aan de hand van de reeds genoemde 13-uurs
metingen die op 9 lokaties in de Westerschelde over de periode 1970-1982 zijn
vericht, We gaan de gegevens per lokatie bekijken op een vast punt in het ge-
tij, bijv. laag-water kentering en we berekenen op basis van deze gegevens per
maand een gemiddelde over alle jaren van de concentratie. Zo ontstaan per lo-
katie voor ledere maand gemiddelde sediment-concentraties gemeten bij laag-
water kentering over een aantal jaren. Vanwege de uiltgevoerde normering en de
middeling over de jaren is de invlced van het getij hieruit verdwenen en heb-

ben we een indicatie verkregen van de seizoensinvloed over deze jaren per lo
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catie. Hiermee zal de seizoensinvloed uit de reeks gegevens van 1970-1990,
waaruit we reeds de getij-invioed haddden geélimineerd, geélimineerd gaan wor-

den.

Trend

Met deze genormeerde gegevens kan een beeld verkregen worden van de trend van
het slibgehalte over de periode 1970-1990. En kan dus o.a. bekeken worden of
de baggerwerkzaamheden, begonnen in de jaren '70 en verminderd vanaf '85, in-
vleed hebben gehad op het slibgehalte in de Westerschelde.

Een dergelijke aanpak zou niet alleen resultaat kunnen hebben in de Wester-

schelde, maar zou misschien ook aangepast kunnen worden voor de Waddenzee.
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Opstellen slibmodel voor de 3 lokaties:
Bath (winter '88/'89)
Middelgat (winter ‘87/'88)
Vlissingen (winter ‘89/'90Q)

Opstellen modellen voor 9 lokaties
a.d.h.v. 13-uurs metingen 1970-1982

Opstellen modellen voor 9 lokaties
a.d.h.v, de l4-daagse metingen over 1970-1990
uitgaande van de 9 reeds opgestelde modellen

W

Elimineren van het getij-effect op de negen
meetreeksen over 1970-1990

Bepalen seizoensinvloeden
|
|
1
A

Elimineren seizoensinvloeden
reeks 1970-1990

|
|
|

N
Trend over 1970-199%0



Verwachte werkzaamheden

- Uitbreiden van het massabalansmodel voor 4 wkn
drie lagen water, waarbij de variatie van
het slibgehalte over de diepte meegenomen

wordt,

- Aanpassen van het hestaande computerpro- 1 week

gramma aan het nieuwe model.

- Schatten van de modelparameters voor de 3 wkn
meetwaarden bij het Middelgat.

- Zoeken van een representatieve reeks uit 1 week
de reeks 1l0-minuten-metingen nabij Vl1is-
singen, waarin tenminste een springtij-
doodtijperiode voorkomt. En aanpassen van
deze reeks om gebruikt te kunnen worden in

de ontworpen programmatuur.

- Bekijken of het model gevonden bij het 2 wkn
Middelgat nog aangepast dient te worden

voor Vlissingen.

- Schatten van de parameters wvan het model 3 wkn

bij Vlissingen.

- Beschikbaar maken van de gegevens van de 4 wkn
l3-uurs-metingen van de 9 lokaties van de

periode 1970-1982 voor de programmatuur.

- Bekijken of de drie bestaande modellen 6 wkn
voldoende zijn voor de deze 9 lokaties of
dat exr nog enige aanpassing nodig is. En
het uitveoeren van de schattingen van de
modelparameters voor deze eventueel aange-

paste modellen.



——

Verkrijgen van de gegevens van de 2-maan-
delijkse metingen over 1970-1990 in juis-
te wvorm ter invoering In de bestaande
modellen. En het berekenen van de benodig-

de stroomsnelheden.

Bepalen van het horizontale getij over de
gehele periode 1970-1990 voor 9 lokaties

Elimineren van de door het model bepaalde
getij-invliced op de reeks metingen van
1970-1990.

Bepalen van de seizoensinvloeed.

Elimineren van de seizoensinvliced op de
overgebleven reeks metingen wvoor alle

negen lokaties,

Bekijken wat de trend is over deze 20 jaar
op leder van de 9 lokaties en bekijken wat
het verloop van de slibconcentratie is in
de Westerschelde, door de wverschillende
lokaties met elkaar te vergelijken over

deze 20 jaar.

Afronding en verslaggeving van het onderzoek

Onvoorzien (10% van totaal)

TOTAAL

uitbest.+ 3 wkn

2 wkn

3 wkn

2 wkn

6 wkn

3 wkn

6 wkn

5 wkn

54 wkn



0.21

02
019 -
0.18
0.17 = i ;
0.16 |
0.18
0.14 |

-
a
{
0.13 ~
L

—

0.12 !
011 -

0.1

.09 ~

G.08 i i

f
0.07 = i
. i:’ ) i

0.06 = {i i

0.05 +—

=

0.04 T H T T T T T H H H H
22.630 | 23.385 ' 24.139 | 24.803 | 25.647 | 26.401 | 27.156 | 27.91 ;
23,007 23.762 24.516 25.270 26.024 26,779 27.533 28.287

figuur 1: De dieptegemiddelde slibconcentratie
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figuur 2: Schatting van r,, bij eb en bij vloed
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