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Abstract

This research focuses on polder-belt canal systems. More is demanded from these
systems every day. Man induced changes, like increasing population density and
increasing land value on one hand and climate change in the form of longer dry
spells and more extreme precipitation events on the other hand are the main
sources. The operation of the structures in these systems plays a critical role in
successfully dealing with these challenges. To get the most out of the current
system and its structures, operation by humans alone is not enough, they need
to be aided by computers. A promising technique is Model Predictive Control
(MPC). A control algorithm that uses a model of the system and forecasts of the
future disturbances to determine the control actions for the structures, whilst
adhering to the constraints of the system. Forecasts are uncertain and are there-
fore provided in the form of ensemble forecasts that consist of multiple scenarios.
MPC uses only one scenario and is thus vulnerable to these uncertainties. Tree-
based Model Predictive Control (TBMPC) considers the complete ensemble to
determine control actions.

TBMPC has, however, only been tested in theory. Only open loop simulations
have been carried out, no continuous closed loop simulations have been done.
TBMPC uses the complete ensemble, but to save calculation time reduces it to
a tree-shaped representative ensemble with fewer nodes. This means aggregating
nodes and scenarios on various points in the ensemble. There are multiple rules
that determine which nodes and scenarios are aggregated, however, their optimal
setting is not known. Also if TBMPC has more added benefit over MPC on
certain system configurations (e.g. configurations with higher discharge or storage
capacity) is not known either.

A model is developed to simulate the performance of MPC and TBMPC. It
can deal with different precipitation series, forecasts, system configurations and
control algorithm parameters.

All simulations have a duration of one year and a one hour time step. The rules
that determine which nodes and scenarios are aggregated are investigated first.
Transforming the inflow forecast scenarios to cumulative inflow scenarios before
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determining which nodes and scenarios to aggregate yields better results. The
threshold value is also important as it determines whether or not two scenarios
are close enough to each other to be aggregated. Nothing was known about
the right value for this parameter. One of the objectives was to be able to fine
tune this value to the system configuration. Setting this value as a percentage
of the maximum pump capacity of the system works well across different system
configurations. The optimal value is 100% of the maximum pump capacity. The
scenario reduction algorithm (i.e. the algorithm that creates the tree from the
original ensemble) has two parts. First it reduces the number of scenarios in the
ensemble to a predefined number and secondly it creates a tree out of the reduced
ensemble. No information was available about the right amount of scenarios for
the first part. The simulations show that using more than eight to 10 scenarios
does not yield any better performance, but only increases calculation time.

To determine if TBMPC is more beneficial on certain system configurations
81 configurations are examined. The performance of MPC with a perfect forecast
(i.e. equal to the inflow), MPC and TBMPC is simulated for these configurations.
For all configurations TBMPC shows a considerable added benefit, however, there
are different reasons for different configurations. For configurations with a high
storage and pump capacity the increased performance can be attributed to a
more stable water level and a slight improvement in the deviation from set point.
For configurations with a low storage and pump capacity the added benefit of
TBMPC is seen in a better peak event anticipation.

Overall significant improvements to TBMPC have been realized. It is shown
that TBMPC not only works in theory, but provides benefits over MPC in practice
for a multitude of configurations as well. TBMPC can now be tuned to the water
system configuration it is used on and it can be set to reduce calculation time as
much as possible without decreasing the performance.
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Chapter 1

Problem analysis

1.1 Introduction

In most non-arid regions water systems are designed to drain water out of the
system into an adjacent river or sea. Canals and structures are used to store
and transport water; within and out of the system. Sluice gates and pumps
that discharge water out of the system are the most important structures for the
system, since these determine the maximum drainage capacity. These structures
are designed to handle regular storm events. A heavy storm event that causes a
disturbance (e.g. inflow) larger than the drainage capacity raises the water level
in the system above the target water level (i.e. desired water level) and can lead
to inundation and consequently damage to the inundated areas.

If the occurrence of a heavy storm event can be forecasted, anticipatory ac-
tions can be taken, like lowering the water levels in the water system in advance.
This creates extra storage capacity that can be utilized during the heavy storm
event. Water levels will not rise as high and inundation might be prevented.
There are, however, boundaries to these anticipatory actions. Water levels can-
not be lowered too much to avoid collapse of dikes. Also, changes to structures’
settings need to be minimized to avoid wear and tear to the structures and strong
transition waves in the canals.

At the time of writing the management of water levels within these boundaries
is often performed by an operator, who needs to have extensive experience with
the system. The operator needs to decide on the best control action based on the
current state of the system, the precipitation forecast and the limited capacity of
the structures. However this becomes an increasingly more difficult task as man
induced changes to land use increase the value of land and storm events tend
to become more intense [11]. One way to deal with this difficult task is to take
structural measures, for example increasing the drainage capacity of the water
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system. However structural measures often take a long time to become effective,
are expensive and are spatially demanding. In today’s world time, money and
space are scarce. Another solution is to implement a (better) control algorithm.
The control algorithm has the same objective as the operator, keeping the water
level in the system as close to target level as possible, given the limited capacity
of the structures. To satisfy this objective multiple control algorithms have been
designed over the past few decades.

Feedback control is the simplest realization of a control algorithm. The state
of the system (e.g. water level) is measured and compared with the desired
state of the system. The difference is fed back into the control algorithm and a
corrective control action will be taken. The disturbances on the system are only
indirectly taken into account.

With feedforward control these disturbances are a direct input for the control
algorithm. The amount of the disturbance is measured and counter balanced with
a control action to minimize the effect on the water system state. The predicted
disturbance for the next time step into, for example, a reservoir is equaled by a
discharge of the same amount out of the reservoir. As the feedforward algorithm
needs to predict disturbances, uncertainty within the prediction limits the capa-
bilities of feedforward control. Feedforward control therefore is often combined
with feedback control to compensate for this uncertainty.

The former control algorithm is not able to deal with a disturbance that is
larger than the control capacity (e.g. drainage capacity). To deal with such a
disturbance the control action needs to be started several time steps earlier, to
create storage to prevent the water level to exceed the target water level. Such
control algorithms are referred to as Model Predictive Control, which is defined
as:

Model Predictive Control is the range of control methods which make
an explicit use of a model of the system to obtain the control signal by
minimizing an objective function on a receding finite horizon whilst
complying to the constraints of the system.

In the case of a water system the model is a combination of a hydraulic model that
calculates the water levels based on the future in- and outflow and the current
state of the system and a model defining the constraints within the system,
like water levels (soft constraints) and pump capacities (hard constraints). The
objective function defines penalties for, for example, water level, change of water
level and structure setting changes. Each time step (e.g. every hour) the problem
is optimized (i.e. the objective function is minimized) for a finite optimization
horizon with the information available at that moment, and each time step a (or
multiple) control action(s) is(are) determined. Since this is done every time step,
with the information available at that moment, this is called real-time control
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(RTC). Another characteristic of MPC is the receding strategy. At each time
step the problem is optimized and control actions for the optimization horizon
are calculated, but only the control action for the first time step is executed
(sometimes more than one, but always less than calculated), the horizon is moved
one time step towards the future and the whole process is repeated. MPC thus
combines the benefits of feedforward and feedback control and adds the receding
strategy and the ability to deal with constraints of the system.

MPC makes use of a model, measurements and forecasts, which all carry un-
certainty. In the case of water systems the largest part of the total uncertainty
is usually introduced by the forecast. Current implementations of MPC on wa-
ter systems use a deterministic forecast of the future disturbances. However a
deterministic format forces the forecaster to suppress information and judgment
about uncertainty. A deterministic forecast may create the illusion of certainty in
a user’s mind, which can lead the user to suboptimal action [6]. In other words
not explicitly taking the uncertainty within the forecast into account can lead
to a suboptimal control action, given the information available in the forecast.
It does not mean however that by explicitly taking uncertainty into account the
control action that is taken will always be optimal in hindsight. This is only
possible with a perfect deterministic forecast, where the forecasted disturbance
is exactly equal to the actual disturbance.

The concept of Tree-based Model Predictive Control (TBMPC) [9] does take
uncertainty into account by using an ensemble forecast. An ensemble forecast
consists of a representative sample of the possible future states of a dynamic
system, called scenarios or ensemble members. To decide on the optimal control
action(s), given the uncertainty, a risk based approach needs to be taken. Risk
is defined as the statistical expectation of costs. By evaluating control actions
against all possible effects, given the scenarios in the ensemble, and multiplying
these by their probability of occurrence the lowest expected costs can be deter-
mined. Again only the control action for the first time step is executed. It has
been shown that such a risk based approach is more cost effective than decisions
made in a deterministic framework [10]. The calculation time for TBMPC is
longer than for MPC. To minimize the calculation time a scenario reduction al-
gorithm is used. This algorithm reduces the original ensemble to a representative
ensemble with fewer scenarios. The performance of TBMPC relies heavily on the
scenario reduction algorithm, since with each elimination of a scenario, informa-
tion is lost. The remaining scenarios are reduced to a tree structure to reduce
the calculation time even more. On every time step the difference between the
values of the remaining scenarios are compared and if they are below a predefined
threshold value the scenarios will be aggregated until this point.
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1.2 Problem definition

In [9] TBMPC is compared to MPC over the optimization horizon, so only the
expected water levels are compared. It is not yet known if TBMPC also performs
better in a closed loop simulation, in other words if the water levels that occur
under the regime of TBMPC yield lower costs than those under the regime of
MPC. It is expected that by not suppressing the information available in the
forecast TBMPC does perform better in a closed loop simulation.

To minimize the calculation time of TBMPC the number of scenarios in the
ensemble is reduced and the scenarios are put into a tree structure. The construc-
tion of the tree is very dependent on the threshold. No information is, however,
available on the influence of the construction of the tree on the performance of
TBMPC and if the threshold can be related to any physical characteristics of the
system or the forecast.

No analysis is available on the performance of TBMPC in relation to the
marginal information loss that occurs with the deletion of an extra scenario.

TBMPC has only been compared to MPC on one water system. The influence
of the water system characteristics on the performance is thus still unknown. It
is expected that, for example, the added benefit of TBMPC over MPC will be
lower on systems with a relatively high pump and storage capacity, because such
a system does not need that much information from the forecast to perform well,
it can rely on its feedback capabilities.

To summarize the following problems are defined:

e The performance difference between TBMPC and MPC in a closed loop
simulation has not yet been investigated.

e The influence of the tree construction on the performance of TBMPC and
how the threshold needs to be defined are unknown.

e No analysis is available on the performance of TBMPC in relation to the
marginal information loss that occurs with the deletion of an extra scenario.

e TBMPC has only been shown to be an improvement over MPC on one
water system configuration. How both algorithms perform as a function of
water system characteristics is unknown.

1.3 Objectives

MPC algorithms make use of a simplified model of the water system, in other
words have a smaller state than the actual system and thus will always provide
suboptimal operation. Computing time is limiting the use of more complex mod-
els, this limit will increase as technology advances, but will always continue to
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exist. Optimizing the performance of a control algorithm will thus lead to the
best possible control actions obtainable within the boundaries of computing time.
It is in this light we want to assess and optimize the performance of TBMPC.
The problem definition states four aspects of TBMPC that need to be exam-
ined more closely. The objective of this research is to give insights in the relation
between the performance of TBMPC and these aspects, more precisely:

e Compare the performance of TBMPC and MPC for a closed loop simula-
tion.

e Evaluate the influence of the scenario tree construction algorithm and im-
prove it if possible. The effect of preprocessing the scenarios and the influ-
ence of the aggregation threshold will be investigated to be able to fine-tune
it to the water system it is applied on.

e Provide an analysis on the marginal information loss that occurs with the
deletion of an extra scenario. This will give insight on the trade-off between
performance and calculation time.

e Evaluate the influence of different water system characteristics. For which
water systems TBMPC is more beneficial can be determined in this way.

These experiments will make the performance of a control algorithm more un-
derstandable, a problem currently facing water boards. There is no knowledge
[within water boards] about the performance of a particular weather forecasting
system, for the given water system, let alone information about the performance
of the decision rules that depend on these forecasts [14]. With better insight and
understanding, the confidence water managers have in control algorithms will rise
as well.

The simulations will be done offline, so computing time will not be a limiting
factor.

1.4 Boundary conditions
In general the following boundary conditions apply to the research:

e Only water quantity is controlled. Water quality is left out. Although
taking water quality into account will most probably be very interesting
it will take a lot more time to create and setup the models, make these a
lot more complex and increase calculation time significantly. It is expected
that only a water quantity model can provide interesting insights in the
performance of control algorithms as well and provide the necessary results
to give adequate answers to the questions posed for this research.
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The control algorithm is tree-based model predictive control. TBMPC is
only compared to MPC, not to other control algorithms, because it will
only be implemented if it is an improvement over the best algorithm used
to date (MPC, see e.g. [12]). See for a comparison between other previously
mentioned control algorithms [16].

The research assumes the belt canals of a polder-belt canal system as the
controllable system as this research is performed from a water management
perspective. This gives a boundary for the system characteristics that need
to be tested.

The objective function solely consists of quantifiable objectives. The only
objective is thus to keep the costs as low as possible. Other and conflicting
interests, which are normally present in a water system due to the large
amount of stakeholders, are not dealt with. The latter is politics, not
control theory and is an a priori fact for the control algorithm.

Performance is defined as the value of the objective function over the sim-
ulation horizon. The value of the objective function has no monetary unit,
but is used to be able to relatively quantify the performance of TBMPC
versus MPC.



Chapter 2

Model description

2.1 Introduction

To fulfill the objectives set forth in Chapter 1 a model of a water system with
adjustable input and control algorithm is required, because running tests and
simulations on a real system is not financially feasible. The model used in this
research can be divided into two major components: the non-controllable and
controllable part. This division has been schematized in Figure 2.2.

The non-controllable system represents the precipitation and the rainfall runoff
processes. The controllable system represents the belt canal system of a polder
that consists of storage and conveyance canals and discharges (i.e. control flow)
to an adjacent sea or river. These pumps are controlled by the control algorithm,
TBMPC in this case, that tries to keep the water level in the controllable system
as close as possible to a certain target water level (hget).

In the next paragraphs each component of this model is described in more
detail.

Five definitions of certain periods or temporal parameters (simulation hori-
zon, optimization horizon, information-prediction horizon, control time step and
uncertainty function) are used throughout this chapter and the remainder of this
research. These horizons can be confusing at first, so in Figure 2.1 a visual

representation of these horizons is given.

2.2 Non-controllable system

The non-controllable system represents the precipitation process over the area
that contributes to the inflow into the controllable system. In the case of a
polder-belt canal system this is equal to the precipitation on the polder surface
area that generates runoff to the drainage canals (which is pumped to the belt

7
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Oz

Information-prediction horizon
1
I ' '

Optimization horizon (1)

Control time step (At)

1 Simulation horizon (t)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35

Figure 2.1: In this example the actual moment is t = 4. All values are for this
example only. The simulation horizon is 34 time steps. The optimization horizon
is 15 time steps. The optimization horizon begins at the actual moment (at ¢t = 4
or 7 = 1). The uncertainty function (o) starts at 7 = 1 and ends at 7 = 16.
The information-prediction horizon is 7 time steps.

canals) and precipitation on the belt canals’ surface area. These components are
lumped together to create the inflow to the controllable system.

The precipitation time series used in this research are generated from a dis-
tribution derived from historical records. This has two reasons. The first is that
by implementing a rain generator into the model, the simulations can easily be
repeated with time series with varying characteristics (i.e. from different histor-
ical records). The second reason concerns uncertainty. The precipitation time
series are generated from a distribution and based on this same distribution an
ensemble forecast can be created (see for further details paragraph 2.2.2). This
creates a comprehensive forecast (where the probability that the observed rainfall
is present in the forecast approaches 1) and eliminates the uncertainty between
the forecast and the actual precipitation. The influence of forecast characteristics
can be investigated only in this way, because the performance is not influenced by
the unknown (varying) uncertainty between the forecast model and the observed
precipitation.

2.2.1 Precipitation generator

The precipitation generator gives an amount of precipitation for each time step
within the simulation horizon (i.e. the period on which the control algorithm is
active). Precipitation has two distinct characteristics which need to be present
in the precipitation generator as well: (1) the sequence of occurrence and (2)
the amount of precipitation. These characteristics are implemented under the
following assumptions:

e The sequence of the occurrence of precipitation can be represented by a
Markov chain.
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Non-controllable system

Precipitation
process

Precipitation

]

Rainfall runoff
model

Inflow

Controllable
——Control flow=— system —State (water level)—p

Figure 2.2: Simple schematic division of the model used in this research.
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e The amount of precipitation can be fitted to an exponential distribution.

These assumptions are widespread and established for the simulation of precip-
itation (see e.g. [5] and [1]). The amount of precipitation (FP;) is calculated by
multiplying the value for the occurrence of precipitation (B;) with the value from
the exponential distribution (E;), or:

Pt = Bt X Et (21)

Every time step, independently a value for B; and F; is generated. This is done
because each E; value is independent from the previous value and the probability
of the value being zero is nearly zero (theoretically it is zero, because it is a
continuous distribution, where the probability of a single value is always zero).

The sequence of the occurrence of precipitation is represented by a first-order
two state Markov chain. This means that for each time step only two states are
possible, 0 or 1 in this case, where 0 denotes a dry time step and 1 a wet time

B = {(1)} (2.2)

Since this is a first-order Markov chain B.y; is only dependent on B;. This

step, or:

dependency is described by the transition matrix:

Ci1 Cr2

C =
Co1 Oy

(2.3)

The values in the transition matrix represent the following probabilities:
e (11 is the probability that By equals 1 given that B; equals 1.
e (19 is the probability that By equals 0 given that B; equals 1.
e (91 is the probability that By equals 1 given that B; equals 0.
e (99 is the probability that By equals 0 given that B; equals 0.

For every time step an amount of precipitation is generated from an exponential
distribution (E}). The probability density function is given by:

AT > 1
8\6 <’§ =0 where \ = — (2.4)
y U > 1%

f(x;A)Z{

where z is the random variable, X is the rate parameter (reciprocal of the scale
parameter) and g is the mean of the distribution.
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2.2.2 Forecast generator

The forecast generator is similar to the precipitation generator as it derives the
amount of precipitation from the same distribution (equation 2.4) and multiplies
the occurrence value (By,,) with the exponential value (Ey ), with the only dif-
ference that it does this in a probabilistic manner, in other words it generates
scenarios (total number of generated scenarios is Nepsemble and n is the index of
the scenario). For each time step and scenario an occurrence value is generated
based on the dependency described by the transition matrix (C') and a value for
the amount of precipitation is taken from the exponential distribution.

The forecast generator needs to generate a distribution with the same char-
acteristics as the precipitation generator. At each step as many values for the
precipitation as there are scenarios need to be generated. For each scenario the
value needs to be generated from an exponential distribution. This can be done
sequentially, but can be done at once as well by using the gamma distribution.
The gamma distribution is a two-parameter frequency distribution and the prob-
ability density function is given by:

—

f(z)= :Uk_lefr‘l?k) and k,0 >0 (2.5)
where x is the random variable, 6 is the scale parameter, k is the shape parameter,
I" the usual gamma function and f (x) = 0 for x < 0 [13]. The lower bound is thus
0 and it is unlimited on the right. If k is an integer then the distribution is equal
to the sum of k£ independent exponentially distributed random variables, with all
of these having a mean equal to 6. The gamma distribution is conditioned on
the actual amount of rainfall on each time step within the information-prediction
horizon (Tip). Tip can be defined as the time span from the actual moment until
the moment where the conditional distribution of future events, conditional to
all actual information, becomes the same as the marginal (climatic) distribution
of events [17]. To condition the gamma distribution the shape (k) and scale
(f) parameter need to be calculated for each time step. This is done by using
the mean and variance definitions for the gamma distribution (2.6). The mean

(117) is set to a weighted average of the generated actual precipitation (P;) and

2

2) is a fraction of the

the mean climatic precipitation (Egjy). The variance (o
climatic variance (02, ). This weighted average and fraction are a function of the
uncertainty function (2.8), which is close to zero at the actual moment (moment

of running the optimization, t) and equal to 1 after Tj,.

Hr = k’?’ X 07'
2.6
02 = ko x 02 (2:6)
—(1-a,)P Etim
/MQ’ - ( 047'2) t+r T Qr X L (27)
07 = Qr X O(jiny



12 CHAPTER 2. MODEL DESCRIPTION

Mean variance of 727 ensembles (6 hour timestep)
25 T T T T T

-
[$,]
T

Variance [mm2/time stepz]
T

0.5

| | | |
0 5 10 15 20 25 30 35 40
Forecast horizon [time steps]

0 | | |

Figure 2.3: Evolution of the variance of 727 ensemble forecasts over the forecast
horizon. Ensembles provided by the KNMI.

where

= for7 <T;
ap =4 Tw T = (2.8)
1, for 7 > Tj,

P, represents the actual precipitation amount on time ¢, E.j, is the mean climatic
rainfall amount, 7 is the time step indicator in the optimization horizon and
Oclim 1S the standard deviation of the climatic rainfall amount. Since the rainfall
amount is represented by an exponential distribution the mean is equal to the
standard deviation. The shape of the uncertainty function is based on the shape
of the variance of real ensemble forecasts. Figure 2.3 shows the variance of 727
ensemble forecasts in time. The ensemble forecasts are provided by the Royal
Dutch Meteorological Institute (KNMI), are produced every 12 hours (i.e. update
frequency), have a 6 hour time step and consist of 50 ensemble members (i.e.
scenarios). The variance starts nearly at 0, increases linearly until a certain time
(Tip), flattens off and stays more or less stable. Only the pattern of the variance
can be used for the uncertainty function and the variance used in equation 2.7,
not the value of the variance itself, because the KNMI variance is based on six
hour rainfall data, while here one hour rainfall data is used.

By equating 2.6 and 2.7 given 2.8 for each time step in the optimization
horizon (7) the shape and scale parameter for the gamma distribution can be

calculated:
6, = r % By, (2.9)
(1= ar) Piyr + a7 X Eqin
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Measurement station 260 De Bilt

Period 15¢ of January 2009 - 315* of December 2009
Time step 1 hour
Eclim 0.7928 mm/hour
c [0.6755 0.3245]
0.0409 0.9591
q [0.1119 0.8881]

Table 2.1: Historic precipitation time series specifications.

ko = (1-a;) Pt+'r€+ ar X Eclim (2.10)

2.2.3 Calibration of the precipitation and forecast generator

The precipitation generator and the forecast generator can easily be calibrated to
any desirable historical record by only defining two parameters: (1) the mean of
the exponential distribution and (2) the transition matrix. Appendix C describes
how these can be derived from a historical record and how the specifications in
Table 2.1 were established.

2.2.4 Precipitation as a function of the area size

The historical records are values of a measurement station, in other words point
measurements. These precipitation amounts can not be directly translated to the
average precipitation amount for a large area (i.e. larger than 1 ha). The pattern
and the amount will change according to the size of the area.

Precipitation can be categorized by two main types, small scale convective
storms or large scale frontal storms. The first often has a higher intensity, but
shorter duration. Extremes in the historical measurements could originate from
such convective storms. The size of the area has an influence on how the his-
torical pattern of the point measurements can be translated to the pattern of
precipitation for an area with a certain size. A larger area means that a (convec-
tive) storm event will not always cover the complete area resulting in a reduced
amount of precipitation for the complete area. A small area will sometimes even
be completely missed by a (convective) storm event and sometimes be completely
covered by it. This yields a more extreme precipitation pattern for smaller areas
and a less extreme pattern for larger areas. The reduced amount of precipitation
for a larger area will not be dealt with in this research. It is assumed that the
amount is already calibrated on the area size. The accurate amount of precipi-
tation for an area is dependent on so many factors, that trying to calibrate the
amount would drive this research away from its generic framework.
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The adjusted pattern, however, can be placed in a more general view, as the
pattern will always be less extreme when increasing the area under the same
climatic conditions. A moving average filter is applied to the precipitation series,
where the window size is dependent on the area size:

n—1
> P
PMA = =0 2.11
] . (2.11)
where PtMA is the precipitation amount after the moving average has been applied,
P, the precipitation amount from the precipitation distribution and n the window
size. The latter is related to the area size through a natural logarithm function:

n = In (Asystem) + 1 (2.12)

where Agystem is the surface area of the water system in hectares.

2.2.5 Rainfall runoff model

The rainfall runoff process is very complex, however, rainfall runoff models don’t
necessarily need to be. Often simple models provide as good predictions as much
more complex ones (see for example [7], [4] and [3]). A simple rainfall runoff model
will suffice here, as long as it reasonably describes the rainfall runoff pattern in the
type of system under investigation and is kept constant throughout the research.
Nearly all the precipitation drains through subsurface drains or overland flow
to the drainage canals and is pumped into the controllable system. This pump-
ing is considered to be instantaneous, but the drainage process can cause some
smoothing of the runoff compared to the rainfall, due to storage in the soil. An
autoregressive exogenous (ARX) rainfall runoff model will be used here:

2
R, = Z iR + ,BPM/'T\L where a1 +as + 8 =1 (2.13)
i=1
where R; equals the runoff, P; the precipitation amount and a; and 5 are the
lumped parameters to represent the storage capability of the catchment. The
parameters will be 0.35 for «ay, 0.15 for ap and 0.5 for 8 to represent a minor
smoothing process, since soils are shallow, often have a high moisture content
and greenhouses (often present in Dutch polders) cause immediate fast runoff,
without any smoothening.

There can be a delay between the time of precipitation and the start of the
runoff process, for example if the greenhouses in the system have some sort of
storage capability. The pump process from the drainage canals to the belt canals
is considered to be instantaneous, but if this is not the case the runoff is not imme-
diately the inflow to the controllable system. Both situations can be represented
by introducing a lead time (71,) in the rainfall runoff model.
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Parameter Unit
Ecim mm /hour
C -

T; hour
N, ensemble -

fom -
Asystem ha
aq -

a9 -

s -

11, hour

15

Table 2.2: Adjustable parameters of non-controllable system.

2.2.6 Adjustable parameters

Within the non-controllable system the parameters that can be changed are sum-
marized in Table 2.2.

2.3 Controllable system

The controllable system consists of two major components: (1) the model of the
water system it is representing and (2) the control algorithm that controls the
structures present in the water system. The purpose of the control algorithm
is to keep the water level in the water system as close to the target water level
as possible by controlling the structures present in the system. The algorithm
uses an objective function that translates water levels and pump amounts into
costs. By minimizing this objective function the water level is kept as close to the
target water level as possible. Two algorithms are tested during this research,
MPC and TBMPC. Both use the forecasts generated with the forecast generator
to determine the control action for the next time step(s). MPC uses one random
scenario from the forecast and TBMPC uses multiple scenarios in a risk based
framework.

The water system that is used throughout this research is first described in
paragraph 2.3.1, followed (in paragraph 2.3.2) by the objective function that is
closely related to the water system and is used by both MPC and TBMPC. These
two algorithms will be addressed in paragraphs 2.3.3 and 2.3.4 respectively.

2.3.1 Water system model

A water system can be defined as a set of water bodies with their conveyance and
regulating structures. These components are linked through natural and artificial
processes. In this research the water system represents the belt canal system of
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a polder-belt canal system. The belt canals have both a storage and conveyance
function, but because these canals are wide and well interconnected they can be
modelled as a reservoir system. The reservoir has in- and outflow components
that originate from pumping.

The inflow (R;) is the rainfall runoff into the canals in the polder that is
immediately discharged by pumps on the belt canal summed with the direct pre-
cipitation on the belt canals’ surface area. The outflow (u;) equals the discharge
of the pumps out of the belt canals (constrained by the maximum discharge of the
pumps, umax) into an adjacent river or sea, assumed to have an infinite volume
or discharge capacity. This assumption can be made because belt canal pumps
in The Netherlands often discharge to the sea or large rivers (e.g. Delfland dis-
charges to the ‘Nieuwe Waterweg’ and Rijnland to the North Sea). The model
used is thus given by:

At

Astorage

ht+1 = ht + (Rt — Ut) (214)

where h is the water level, At the control time step, Agtorage the storage area (i.e.
surface area of belt canals) and ¢ the index of the time step.

Figure 2.4: Water system overview.

Adjustable parameters

The water system has three variable parameters, the first one being the control
time step and the other two are storage area and pump capacity. The latter are
expressed in a ratio. The storage area reflects the capacity of the system to deal
with extreme events through storage in the belt canals. When this ratio increases
the total amount of precipitation on the system will have a smaller effect on the
water level in the belt canals, or the preventive lowering of the water level in the
belt canals creates a larger storage volume. A generic form of expressing this
dynamic is the ratio between the storage area (m?) and the total system area
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Parameter Unit

At hour
Astorage _

Asystem

—max m/hour

system

Table 2.3: Adjustable parameters of the water system.

(m?). The pump capacity characterizes the capability of the system to deal with
water level fluctuations in the belt canals through discharge. Upon a heavy rain
event and when the water from the polder is immediately pumped to the belt
canals, an inflow to the belt canals that causes an increase in water level can
be equaled by a pump flow of the same magnitude to mitigate the water level
rise. In other words it is the capacity of the system to deal with extreme events
through discharge. The discharge capacity of the system is expressed in the ratio
between pump capacity (m?3/hour) and system area (m?). The three described
parameters are summarized in Table 2.3.

2.3.2 Objective function

The objective function translates the state(s) of the system into costs. It penal-
izes states of the water system and structures with respect to certain interests.
These interests can be weighted and summed to obtain an objective function that
represents all these interests. Conflicting interests are normally present within
a water system, these include ecological, transportation (shipping), flooding and
recreational interests for example. These interests thus have a large influence on
the shape of the objective function. As the objective function is used to calculate
the performance of a control algorithm, the performance is dependent on it as
well.

To be able to aggregate all interests into one objective function, all interests
need to be quantified and expressed in the same units. This is done by using the
costs associated with the state of the system. These costs can be split in two cat-
egories: (1) subjective and (2) objective. For example ecological and recreational
costs depend on how much these interests are worth to the stakeholders, which
is subjective. On the other hand transportation costs, for example, do not have
this subjective value estimation. If the water drops below a certain threshold, a
certain number of ships will not be able to sail, which results in a certain amount
of lost income to the parties involved in the shipment. As this research aims to
provide generic relations, subjective and often widely varying costs (per system)
will not be taken into account.

Within the objective costs another distinction can be made: (1) high costs
with a low probability and a short duration and (2) low costs with a high prob-
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+h

ref

1 Y hset

ref

Figure 2.5: Schematic overview of set point and normal operating band.

ability and a longer duration. Flooding costs are a good example of the first
category and shipping costs fall under the second.

The objective function is reduced to a cost function with four components.
The first component in the cost function represents the wear and tear of the
structures. A controllable system will always have structures and maintenance
costs will always tried to be minimized. The second component represents other
low costs with a high probability, these occur with water levels varying around
set point (i.e. target level, hget), such as damage to houseboats or shipping for
example. These costs should be in the same order of magnitude as maintenance
costs, since both are part of the normal operating expenses of the controllable
system. The third and fourth component represent high costs with a low proba-
bility and short duration, flooding costs when water levels are above the normal
operating levels (4hyef) and collapse of embankments when water levels are below
the normal operating levels (—hyef) are examples of such costs.

In Figure 2.5 a schematic overview of the set point (hget) and the range around
it is presented.

The four components are equally weighted and can thus be combined into one
step-cost function (2.15). Costs are proportional to the penalty and the exponent
assigned to the different components in the cost function. The components are
the change in pumping (Au), the distance from the water level set point (h) and
the upward (hg) and downward (hg) exceedance of normal operating levels. If w
denotes the penalty and 7 the time over which the costs are evaluated, the cost
function per scenario is given by:

To
ng where
T=1
By
g:'L = Wy (u:'Lfl - ’LL:_L?2) + W (h:f - hset)Eh + ...

wh, max (h? — hyer, 0722 + wy, max (—h%; — hy,0) s (2.15)

For TBMPC the cost function J for all scenarios becomes:
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N, red To

J = Z Z ¢n97,n (2'16)

n=17=1
where ¢,, denotes the probability of occurrence, n is the index of the scenario and
Nieq is total number of scenarios within the reduced ensemble.

2.3.3 Model Predictive Control (MPC)

During this research TBMPC is compared to MPC, which provides a solution
to the problem of optimal control in a deterministic framework, in other words
it uses only one scenario. The forecast generator gives 50 scenarios at every
time step. To give an accurate representation of the performance of MPC one of
these 50 scenarios is randomly chosen every time step and used for MPC. With
a real ensemble (i.e. generated by the ECMWF) the scenario used for MPC will
most likely be the ‘operational run’. This is the scenario that originates from
the model run at full resolution with the most likely initial conditions. It does
not mean that this run has any specific statistical properties compared to the
other ensemble members, like it being the median of the ensemble for example.
After it is generated it is merely one of the 50 ensemble members and it can
very well be the one that predicts the highest amount of rainfall or is the only
member that says it will stay dry. The forecast generator creates 50 equally likely
ensemble members, there is no information available to indicate on scenario as
the ‘operational run’. To pick, at random, one of the 50 scenarios most closely
resembles the results achieved in real life, given the forecast generator used in
this research. The performance assessment is done over a year long period (i.e.
simulation horizon) with hourly values and an optimization time step of six hours
(see paragraph 3.4) so a scenario will be chosen 1460 times over the simulation
horizon.

2.3.4 Tree-based Model Predictive Control (TBMPC)

Model Predictive Control (MPC) provides a solution to the problem of optimal
control in a deterministic framework. However certain components of the problem
carry large uncertainties and therefore can be represented in a stochastic frame-
work. Generally speaking there are four sources of uncertainty when controlling
a water system: (1) measurements, (2) models, (3) actions and (4) forecasts. The
dominant source of uncertainty, given the system presented in the introduction
of this chapter, is the precipitation forecast. Meteorological institutions provide
this forecast in the form of an ensemble forecast, which consists of a number of
alternate predictions (i.e. scenarios) for the same forecast period. Through the
rainfall runoff model this precipitation forecast translates into an inflow forecast.
Tree-based Model Predictive Control (TBMPC) has the ability to give a robust
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solution to the problem of optimal control given such a stochastic representation
of the future inflow. This problem can mathematically be defined as:
argminJ (A2 ul) 7 =t,..,t+ T,
ur
myy = f (Wl RY) (2.17)
c(hfsuf) <0

where J is the cost function to be minimized, h the state vector per scenario,
u the control vector per scenario, R the disturbance vector per scenario, f the
model of the system, c the inequality constraints of the system, n the index of the
scenario, t the actual moment, 7 the index of the time step in the optimization
horizon and T, the optimization horizon. Every time step (at an interval equal
to the optimization time step) J is minimized (one optimization) and control
actions are determined. There is no dependency between two optimizations, the
optimization only uses current and future information. The actions (ul') and
water levels (h}) inherently have the same structure as the tree that is created
from the ensemble forecast. How this tree is constructed is explained next.

The ensemble forecast (R}) consists of Nepgemble number of scenarios, which
form a discrete approximation of the probability distribution of the future inflows
to the system and is defined by the scenario n and the time step 7 such that:

) ewhen7 =t
n(r) = n when 7 >t
P [6 = n] = gbn n = 1, ceey Nensemble (2.18)
Nensemble
" =1
n=1
where ¢" is the probability of each scenario.

With a large number of scenarios the calculation time needed for the optimiza-
tion process will be large as well. To decrease the calculation time, the number
of scenarios needs to be reduced. The optimal control action at the first time
step based on this reduced ensemble should be close to the one obtained with
the complete (non-reduced) ensemble. This problem is solved by heuristic algo-
rithms [2]: the backward reduction algorithm and the scenario tree construction
algorithm, which together form the scenario reduction algorithm. The backward
reduction algorithm reduces the original ensemble to a reduced ensemble with a
predefined number of scenarios, by aggregating scenarios. Which scenarios are
aggregated is based upon the difference between scenarios and their probabilities.
The next step is to create a tree of scenarios from this reduced ensemble. In this
step no complete scenarios are aggregated, only parts of the scenarios are aggre-
gated. The aggregation only occurs if the difference is smaller than a predefined
threshold. In [9] the scenario reduction algorithm is characteristed by:
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1

—

Figure 2.6: An example of a complete sequence of the scenario tree construction
algorithm.

e The average difference between the values of two scenarios over the timespan

under investigation is defined as ‘distance’.

e The threshold is a fixed, pre-defined value, without a relation to the system.

e Aggregation and tree construction are done on inflow scenarios.

The backward reduction algorithm then works through the following steps:

1.

Calculate a distance matrix, with all distances between the scenarios. This
yields an Nepsemble DY Nensemble matrix.

. Find the closest scenario for each scenario (i.e. smallest value per row of

the distance matrix).

Multiply these with the probability of each scenario to get the probability
weighted distances. This is done because there are at least two equal dis-
tances (e.g. distance between 2 and 3 and distance between 3 and 2) and
the scenario with the lowest probability needs to be aggregated to the one
with the highest, not the other way around.

. Find the minimal probability weighted distance.

. Aggregate this scenario to its closest scenario:

a) Find the scenario to which it needs to be aggregated by searching for
the smallest value in the row of the deleted scenario.

b) Set the probability of the scenario that is deleted to 0 and add its
original probability to the probability of the scenario it is aggregated
to.
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¢) Remove the scenario that is aggregated from the distance matrix.

After step 5 the algorithm starts at step 2 again, until the dimension of the
distance matrix is equal to specified number of reduced scenarios (Nieq). An
illustrative numerical example can be found in part 1 of Appendix A.

After the backward reduction algorithm the scenario tree construction starts.
This is also a backward strategy. Starting at the second to last node, per node
(time step) the total distance from node 1 until the actual node is calculated and
the scenarios until the actual node are aggregated if the average distance is lower
than the threshold. A schematic example is given in Figure 2.6 and in part 2 of
Appendix A the result of the scenario tree construction on the reduced ensemble
of part 1 is shown. Each branch of the tree (R?) is defined by the index of the
scenario n and the time step 7:

n, when 7 < 7,
€(n;) when 7 =1,

Nry1 =2 (TL-,—;T) = {

Ple(ns) = nrs1] = én,, (2.19)
Z ¢n-r+1 = ¢n,

¢n, =1whent =1t

where 7, is a bifurcation point. Every branch splits at its bifurcation point.
The next branch after this point is a random branch out of all the possible next
branches. This is of course dependent on the current branch (n;). The pos-
sibility of branches joining again is not taken into account. The predictability
decreases with time, but this is not always the case on the entire ensemble length.
Allowing branches to rejoin after a bifurcation point could be a useful improve-
ment to the algorithm. This however considers an entire new approach to the
scenario reduction algorithm and is thus classified as lying outside the scope of
this research.

2.3.5 Adjustable parameters

Besides the parameters that TBMPC has in common with MPC, the core of
TBMPC is the scenario reduction algorithm that can be defined by four com-
ponents: (1) definition of distance, (2) threshold, (3) pre-processing of scenarios
and (4) the number of reduced scenarios (INVyeq). The cost function can be al-
tered by changing the value of the exponents and the penalties assigned to each
component. Also the set point and normal operating band needs to be defined.

The adjustable parameters within the control algorithms and the objective
function are presented in Table 2.4.
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Parameter Unit

Simulation horizon hours
Distance definition -
Scenario pre-processing -
Threshold -
Nred -

E‘u7 Eh7 Eh2 and E1h3 -

Wy, Wh, Wh, and wy, -

Niset m
Poret m

Table 2.4: Adjustable parameters of controllable system.

Coupled with the water system model described in paragraph 2.3.1 all the
components for the optimization process are now defined and the control algo-
rithm can be executed.

2.4 System overview

In the first paragraph of this chapter a simple schematized version of the sys-
tem has been given. In Figure 2.7 this simple schematization is extended with
the information given in all previous paragraphs to create a more complex, but
complete schematization of the system.
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Non-controllable system

Precipitation parameters

Precipitation
generator

Exponential mean
Transition matrix
System area

Forecast parameters

Number of scenarios N Forecast

Uncertainty function Y generator Precipitation
Information-prediction horizon

Update frequency

Precipitation forecast

Rainfall runoff parameters

Rainfall runoff model

\ 4

ay az B T

Inflow forecast

Controllable|system

Inflow

Control parameters

Distance definition
Threshold value
Number of reduced scenarios
Objective function
Setpoint
Normal operating band

h 4

TBMPC ¢ State (water level)

I—Control flow

Water system model parameters

Control time step N -
Ratio between storage area and system area 4 Water system model

Ratio between maximum pump capacity and storage
area

Figure 2.7: Complete model overview.



Chapter 3

Simulation framework

3.1 Introduction

The objectives set forth in Chapter 1 provide the basis for four experiments
that will achieve those objectives. The experiments consist of a series of sim-
ulations that determine the influence of certain parameters on the performance
of TBMPC. From Chapter 2 it is clear that there is a large number of variable
parameters, not all of these are investigated. To efficiently perform the experi-
ments a base case is set from where each experiment starts. Parameters under
investigation are then varied; others are left at their base value. A certain set
of parameters for which the performance is calculated is defined as a ‘configu-
ration’. A configuration defines the system that the experiments are performed
upon. A common way to describe a controllable system is to say how close it
is to ‘certainty equivalence’. In [8] a system is said to be certainty equivalent
when expected values can be used to identify optimal policies without loss of
accuracy. In other words the average of the prediction can be used to determine
actions with satisfactory results. To guarantee this, however, (1) the performance
needs to be measured by quadratic functions, (2) system dynamics need to be
linear, (3) no inequality constraints can exist and (4) uncertain inputs should be
independent and normally distributed. The configurations (i.e. systems) used in
this research are never certainty equivalent, because there are always inequality
constraints (e.g. maximum pump capacity, finite storage capacity) and the ob-
jective function has thresholds in it, so they are never purely quadratic. Certain
configurations, however, are more certainty equivalent than others. A larger stor-
age capacity will make the system more certainty equivalent for example. Water
levels are more likely to stay within the normal operating band, not exceeding
any cost thresholds, yielding quadratic costs over the entire simulation horizon.
When describing the configurations and analyzing the results this term will be

25
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used.

Paragraph 3.2 describes how the performance of TBMPC and MPC is defined,
the initial conditions and precipitation input are reviewed in paragraph 3.3, the
base case values are presented in paragraph 3.4 and a detailed discussion of
these values is presented in paragraph 3.5. Chapter 4 describes the individual
experiments.

3.2 Performance indicator

The performance of a control algorithm can be defined in many ways, but it is
always strongly correlated to the objectives set by the stakeholders. Ecologists
that have a stake in a water system could measure the performance by the di-
versity of the ecosystem over a certain time span, but shipping authorities might
use the number of days within a year that the water level is above the minimum
required level for ships to be able to sail. The objective function in this research
is a cost function with four components (see paragraph 2.3.2 for further details).
The performance is thus the value of the objective function. To be able to com-
pare performances based on the objective function a certain time span needs to
be set where within the performance will be measured, this is the simulation
horizon (7). Within this horizon the total costs are calculated and represent the
performance of the configuration.

The cost function is not expressed in a certain monetary unit, nor does it
reflect a realistic order of magnitude. This is only possible with detailed, system
specific information. To be able to draw generic conclusions about the perfor-
mance of TBMPC it is not necessary and also impossible to calculate the value of
the cost function in this way. For performance comparison relative values suffice.

The absolute minimum of the objective function possible under certain cli-
matic conditions, given the constraints of the controllable system will only be
achieved when there are no uncertainties. There is however always uncertainty
in the forecast, so the control actions are never optimal in hindsight. The fore-
cast used here, although conditioned on the actual precipitation, is not a forecast
without uncertainty. The performance of TBMPC will thus be expressed relative
to the performance of the system with a perfect forecast (i.e. forecast is equal
to the actual inflow). Since one of the objectives of this research is to compare
TBMPC to MPC, in other words to determine the additional benefit of TBMPC
over MPC, the performance will be expressed relative to MPC as well. To in-
corporate the aforementioned requirements the performance indicator will be the
relative performance (V):

Vmpc - thmpc

V= (3.1)

Vmpc - Vperfect
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Processor Intel Core2Duo E6550 @ 2.33Ghz
Memory 2GB DDR2

Windows version Windows 7 Enterprise 64-bit
Matlab version 2009B SP1

Table 3.1: Specifications of computer system used for simulations.

A value of one indicates that TBMPC performs equal to MPC with a perfect
forecast and 0 represents no improvement over MPC. This formula is unbounded
below 0 and negative values represent situations where MPC performance better
than TBMPC.

The MPC algorithm uses the same parameters as TBMPC, except for the
ones that are not applicable to MPC (e.g. threshold value, number of reduced
scenarios, etc.). The ensembles are generated by the forecast generator and thus
are a realization of a random variable. To remove some of the randomness that
these generated ensembles carry, five ensembles are generated for the precipitation
series that is used. The performance of TBMPC is determined with each of these
five ensembles. Since scenarios are picked randomly with MPC the performance
of MPC is calculated 10 times for each of the five generated ensembles. The
relative performance can thus be calculated 50 times. The presented relative
performance is the average of these 50 values.

With some of the results the calculation time will be taken into account.
Whenever this is is the case one needs to take into account that these values are
obtained on one specific computer (see Table 3.1). Calculation time for other
systems (i.e. different versions of Matlab, Windows or hardware components)
could be materially different.

3.3 Experiments input and initial state

The performance of the control algorithm is measured over the simulation hori-
zon, during which the inflow to the system needs to be defined. As emphasized
in Chapter 1 the control algorithm needs not only to perform well under ex-
treme conditions, but also under normal conditions. The precipitation series
over the simulation horizon thus need to have average precipitation amounts, but
also extreme precipitation events. By generating precipitation time series with
a length of one year and at least one extreme precipitation event (defined as P;
> 13 mm/hour, because that is more than the storage capacity (12 mm) and
the pump capacity (0.5 mm) during one time step of the system with base case
parameters) both such normal conditions and extreme events are represented in
the time series. The total performance value from such a long horizon illustrates
more the effectiveness of a control algorithm, rather than gives theoretical insight
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Parameter Value [unit]
Inflow (Ryo) 0 [m?/hour]
Pump discharge (up) 0 [m3/hour]
Water level (hg) 0 [m]

Table 3.2: The initial conditions for the simulations.

in how the algorithm performs under varying conditions. However, by looking
at the performance over time (i.e. the cumulative costs) and matching this with
events during the simulation period it is expected to get such theoretical insight
as well, if needed. Details on the precipitation distribution parameters are found
in paragraph 3.5.

The initial state of the system encompasses the initial water level, inflow
and outflow. The initial state is actually of little importance when evaluating
the performance. The experiments should provide results that are comparable
with real world performance. In the real world a control algorithm is never
implemented at certain initial conditions, performs during a predefined time span
and at the end a certain end condition needs to be met. To the contrary, it
operates continuously, always trying to keep the water level at set point. All
experiments will thus start from a steady-state system, with its water level at set
point and in and outflow equal to zero (see Table 3.2). This avoids biased results,
which might occur when the initial water level is equal to hf, for example. Effects
of disturbances, especially at the beginning of the simulation period, are likely
overestimated in that case.

3.4 Simulation parameters

Most of the experiments only focus on a small part of the model (e.g. only the
system configuration) and its parameters. However with every experiment all
parameters need to be defined in order to allow the simulation to run, which
creates the need for a ‘base case’. These are the values that the parameters
not under investigation by the experiment are set to. The values of all model
parameters that are used in the base case are presented in Table 3.3. The next
paragraph discusses these parameters and how their base values were derived.

3.5 Simulation parameter discussion

Precipitation distribution (E¢ji, and C)

The mean rainfall amount (Eqjip) and transition matrix (C') are based on a one
year dataset from ‘De Bilt’ in The Netherlands. ‘De Bilt’ is a city located in
the center of the Netherlands and is representative for Dutch climatic conditions.
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Parameter Value Unit Variable
Eim 0.7928 mm /hour No
0.6755 0.3245
¢ [0.0409 0.9591} No
T 365 days No
T T hours No
T variable hours Yes
Control time step (At) 1 hour No
Update frequency 6 hours No
Optimization time step 6 hours No
Uncertainty function see eq. 2.8 - No
Asystem 1 ha No
ay 0.35 - No
(6% 0.15 - No
I5; 0.50 - No
11, 0.0 time step No
Pset 0.0 m No
Pret 0.15 m No
M 0.04 - Yes
system
v 0.0005 m/hour Yes
Distance Average m?/h No
Threshold Umax % Yes
Nensemble 50 Scenarios No
Nred 8-10 Scenarios Yes
E, 2 - No
Ey 2 - No
Eh2 2 - No
By, 2 - No
h?ef : 2 4
Wy (u?nax> X Wy time step®/m* No
wy, 1 m/E}, No
Why 100 m/ Eh2 No
Why 1000 m/Eyp, No

Table 3.3: Simulation parameters. Those parameters that are indicated with
‘Yes’ are altered during the experiments and their influence on the performance
is investigated.
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These parameters are used throughout the research and will not be altered, be-
cause the research focuses on the performance of control algorithms on systems
in The Netherlands. A more detailed description of these parameters and how
they were derived can be found in Appendix C.

Simulation horizon (75)

The performance of the algorithm is measured over a certain period and that
period consequently has a large influence on the performance, it is called the
simulation horizon. It is set to one year so the algorithm will be tested under
dry, wet and extreme conditions. This is especially important in a risk based
framework, since the algorithm needs to perform well not only during extreme
events, but under normal operating conditions as well (see for more details para-
graph 3.3).

Control time step (At)

The control time step is the time between two subsequent actions. It is set to
one hour, as many systems in the Netherlands have a control time step not larger
than one hour. By keeping this value at one hour, an overestimation (due a too
fast control time step) of the performance will be unlikely.

Update frequency and optimization time step

The control time step is one hour, so an action is taken every hour. Which ac-
tion(s) to take is determined during the optimization process which is done at
a certain interval (i.e. optimization time step). During this process the ensem-
ble available at that moment is used, a new ensemble (i.e. forecast) becomes
available at a certain interval (i.e. update frequency) as well. For ease of inter-
pretation the update frequency and optimization time step are equal during this
research. A larger optimization time step leads to a system further away from
certainty equivalence, because actions are determined for moments further into
the future where less accurate forecasts are available. A larger optimization time
step also decreases computation time over a predefined simulation horizon. An
optimization time step of six hours is used throughout this research based on the
aforementioned observations. With an optimization time step of six hours, the
first six actions need to be implemented. This requires that on the first six time
steps there is only one possible set of actions, thus the tree can consist of only
one scenario until 7 = 6. On the first six time steps scenarios are aggregated to
one scenario independent of the threshold value. Currently the update frequency
of the ensemble forecasts provided by the KNMI to the water boards is 12 hours,
however, six hourly values are forecasted, instead of the hourly values used here.
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Optimization horizon (7;,) and information-prediction horizon (7},)

The optimization horizon is the horizon for which the control problem is solved.
The risk (i.e. J) over this horizon is minimized every time step. An optimization
horizon larger than the information-control horizon (7i.) is not necessary, but
only increases computation time. Ti. is defined as the time span from the actual
moment until the moment from which information (e.g. forecasted precipitation
amount) does not influence the control actions anymore [17]. The optimization
horizon will be set equal to the Ti., which is defined as:

Astoragc
AS stem

— (3.2)
(Aumax X Asystem) -C

system

hnormal X Asystem X
1-} =

where hyormal is the normal operating band in meters, T;. the information-control
horizon in hours, C the ‘typical’ inflow coefficient (1 m3/hour in this case) and

2

Agystem the system area in m*. An overview of the experiment that has been

performed to determine equation 3.2 can be found in Appendix D.

The information-prediction horizon (7i,) can be defined as the time span
from the actual moment until the moment where the conditional distribution
of future events, conditional to all actual information, becomes the same as the
marginal (climatic) distribution of these events. The forecast generator used
in this research is dependent on the uncertainty function (see eq. 3.3), which is
dependent on Tij,. It determines not only where the forecast is not conditioned on
the actual precipitation anymore, but also the slope of the uncertainty function.
A longer T, also increases the quality of the forecast over the period before T3,. It
is thus also possible (in our case) to have a Tj, larger than Ti.. It is hard to derive
a Tip from real world ensembles. The current ensemble predictions provided by
the KNMI show that after six days the variance of these ensemble forecasts does
not increase anymore, but it remains stable at a certain value, which is assumed
to be the climatic variance (see Figure 2.3). One could argue to use a T, of six
days. However the precipitation is forecasted in six hour time brackets. This
does not mean that the same accuracy can be achieved when these forecasts are
downscaled to hourly estimates, uncertainty will probably be much higher. It is
hard to find one value for Tj, that serves all experiments well. Therefor T, is
determined separately for each experiment. Some experiments require a constant
value for T, (e.g. to isolate the influence of the parameter under investigation),
some a constant relative value (e.g. as a percentage of the optimization horizon)
and with yet other experiments the same configuration with a varying 7Tj, is
investigated.
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Size of original ensemble (Nensemble)

In Europe ensemble predictions are provided by The European Center for Medium-
Range Weather Forecasts (ECMWF). The KNMI downscales these predictions
and water boards can use them in their decision support systems. The ensemble
predictions of the ECMWF currently have 50 ensemble members. Future research
is focused on increasing the spatial resolution, not so much on the number of en-
semble members. The number of scenarios is thus kept constant at the current 50
in this research and the influence of more ensemble members is not investigated.
Instead emphasis is put on the scenario reduction algorithm and the marginal
information loss with every scenario deletion.

Uncertainty function (o)

The uncertainty function defines the amount of uncertainty within the forecast in
time. This can be seen as the variance of the ensemble members in time. When
looking at this variance in Figure 2.3 a clear pattern is visible. The variance
starts at nearly 0 and increases linearly until it flattens out and stays constant.
The uncertainty function mimics this pattern:

= for7 <T;
aT:{Tip o (33)

1, for 7 > Tj,

How the uncertainty function is used in the forecast generator can be found in
paragraph 2.2.2.

Rainfall runoff model parameters (a1, az, )

The rainfall runoff model is an autoregressive exogenous model with three pa-
rameters: two for the autoregressive part and one for the exogenous component.
Values for these parameters are chosen based on the resulting general behavior
of the model. As explained earlier the runoff process in a polder is fairly quick,
but a smoothening of the precipitation pattern also occurs. By iteratively setting
the parameters to 0.35, 0.15 and 0.5 respectively this behavior is realized. Much
time and effort could have been put into a more complex model and refinement
of the parameters; however it has often been shown that simple rainfall runoff
models provide satisfactory results as well (see for example [7], [4] and [3]).

System area (Asystem)

The influence of the size of the system on the performance is modeled through
the moving average filter on the precipitation, which is dependent on the system
area. Since the purpose is to model a less extreme precipitation distribution, the
actual size of the system is not relevant. Furthermore it is only used in ratios,
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where the actual value is of no importance as well. The base value is 1 ha (no
smoothening of the precipitation distribution).

Lead time (71,)

Normally there is no lead time between the runoff process and the inflow to the
belt canals in a polder-belt canal system. However the use of the polder drainage
canals as temporary storage introduces a lead time. Typically the time the water
can be stored is short and thus the lead time will be short as well. Water can
also for short periods be stored in greenhouses, which can be modeled with a lead
time as well. The base value is zero.

Water system model parameters (hget, Airef)

The values for hget and hs will be kept constant. Increasing h..s effectively
increases the storage volume within the system or increases the system’s capacity
to deal with increased water levels due to high inflows; however that can be
accomplished as well by increasing the ratio between storage area and system
area and the ratio between pump capacity and storage area respectively. Set
point will be set to zero and het will be 0.15 m, in the order of magnitude of the
range water boards in the Netherlands currently use.

- AS orage
Ratio between storage area and system area (ﬁ)
system

Table 3.4 shows this ratio for three large polder-belt canal systems in The Nether-
lands. This ratio can vary quiet dramatically between systems, because it is so
dependent on the system’s unique natural and artificial properties. A value of
0.04 is chosen here to be representative and is used for the base case.

Ratio between pump capacity and system area (A“max )

system

The capacity of belt canal pumps (“boezemgemalen”) varies widely between sys-
tems (see Table 3.4), because of the reasons stated under the discussion of the
ratio between storage area and system area. The base case value is set to 0.0005
(i.e. 5 m3/h for a system area of 1 ha), the average (non rounded values where
used to calculate the average) of the three systems presented in Table 3.4.

Scenario reduction algorithm parameters

The scenario reduction algorithm is defined by four components: (1) definition of
distance, (2) threshold, (3) pre-processing of scenarios and (4) the number of re-
duced scenarios. There is no real world reference data available to derive suitable
values for these definitions. It is unknown to what extent these parameters influ-
ence the performance, thus extensive simulations are required to determine the
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AS orage max
Waterboard A:ystcil ] AZystcm [m/h]
Wetterskip Fryslan 0.0451 0.0002

Hoogheemraadschap van Rijnland 0.0409 0.0005
Hoogheemraadschap van Delfland  0.0178 0.0010

Table 3.4: Water system characteristics of three polder-belt canal systems in the
Netherlands.

best values for these parameters. These simulations are performed in experiment
1, 2 and 3, described in paragraphs 4.2, 4.3 and 4.4 respectively.

Cost function parameters (E,, Ej,, Epo, Eps, Wy, Wy, Wha, Wh3)

As explained in paragraph 2.3.2 the structure of the cost function represents costs
associated with water levels in polder areas well, but on the other hand it needs to
be able to represent different kind of polder systems. There are eight parameters
that could be varied to represent different systems; however this objective can be
achieved by only changing two as well.

The four components need to be equally weighted, but also produce costs of
different magnitudes. By setting all exponents equal, but use different penalties
this can be achieved. Since a cost function in a water system typically has a
quadratic shape [14], all exponents are two and are not altered throughout the
research.

The quadratic penalization of structure changes represents how a gate’s main-
tenance costs are influenced by how it is operated. However costs associated with
the operation of pumps show no correlation with this penalization. Costs increase
linear with the pump’s discharge, but changing the discharge does not yield any
additional costs. When primarily dealing with pumps in the controllable system,
a linear penalization on the absolute discharge is preferred. This adjustment leans
toward a more specific case. In the generic context of this research a quadratic
penalization is used.

As the cost function cannot provide exact values, but only serves a relative
comparison purpose, only the ratio between the four penalties is of concern. The
first penalty must always be small in relation to the others, as maintenance costs
are always small in relation to flooding costs, but in the same order of magni-
tude as the second penalty since both fall under normal operating expenses. The
Delfland water board spent about €300.000 in 2009 on structure replacement.
When comparing this with the costs of a flood, for example the flood on 19 and
20 September 2001, which resulted in costs of about €23.000.000 (adjusted for
inflation) [15], maintenance costs are indeed relatively small (2 orders of magni-
tude difference). Note that in the cost function the increase in costs due to more
frequent setting changes is expressed, not the regular maintenance costs. These
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extra costs are again a fraction of the normal maintenance costs. By setting the
first penalty to (%) X wy, the first two components provide costs in the same
order of magnitud:.axThe ratio between the second and third/fourth penalty de-
termines the slope of the quadratic function above and below h.o and thus can
represent a multitude of systems.

In the Netherlands the land surrounding belt canals is of high value and thus
flooding there causes damage of completely different magnitudes than water level
fluctuations within the belt canals. This flooding often occurs because pumping
to the belt canals is discontinued, otherwise water levels in the belt canals would
rise so high, water will over top the embankments. Consequently the water level
in the polder will rise and cause damage. Since only the belt canal system is
modelled here, this phenomenon needs to be represented in the belt canal model.
The water level can rise infinitely in the belt canal and when a very high penalty
is applied to water levels above the normal operating levels (at which point the
pumping is often discontinued) this phenomenon can be mimicked. It is in this
light the ratio between the second and third penalty is chosen to be 1:100 (see
costs of flood on 19 and 20 September 2001). To represent different systems this
ratio can be varied.

Water levels below normal operating levels will cause very high damages as
well, since dikes might collapse, houseboats endure severe damage, ships can fall
dry, etc. In addition water boards are very anxious to lower water levels below
this normal operating range (e.g. to avoid water shortage during an unexpected
dry spell); this is only done in very extreme situations. The ratio between the
second and fourth penalty is thus 1:1000, to represent this last phenomenon.
This type of damage will fluctuate less with varying systems and is thus kept
constant.






Chapter 4

Results and discussion

4.1 Introduction

This chapter describes the experiments that are performed to provide answers to
the objectives stated in Chapter 1. All experiments are performed with closed
loop simulations, yielding a high number of closed loop simulations that together
can answer the first objective, namely the difference in closed loop performance
between TBMPC and MPC. The second and third objective focus on the scenario
reduction algorithm. The first three experiments deal with these two objectives.
The last experiment investigates the influence of different system configurations
on the relative performance; the last objective.

The first three experiments are aimed at the objectives for the analysis and
improvement of the scenario reduction algorithm. It has four components that
are of interest for these objectives: (1) definition of distance, (2) threshold, (3)
pre-processing of scenarios and (4) the number of reduced scenarios.

The first objective is to be able to fine-tune the scenario reduction algorithm
to the water system it is applied on. The threshold value plays an important role
in this process. The threshold determines whether or not two scenarios are close
enough to each other to be aggregated over a certain time span. Two scenarios
with an average inflow of 10% and 20% of the maximum pump capacity of a
system respectively can easily be aggregated. Both do not require anticipatory
actions, feedback control is sufficient for these scenarios. Scenarios that have an
average inflow larger than the maximum pump capacity do need anticipation and
should not be aggregated to the 10% or 20% scenario for example. In other words
a difference equal to the maximum pump capacity of the system makes a material
difference for the system and requires different anticipatory actions. This leads
to the hypothesis that the threshold value should be a fraction of the maximum
pump capacity of the system and that the optimal fraction is 100%.

37
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Figure 4.1: Inflow series used for pre-processing, threshold and marginal infor-
mation loss experiments. Average inflow of 0.95 m3/hour. Maximum inflow of
48.59 m? /hour. Total inflow of 8390 m?.

The above described threshold is based on average differences between sce-
narios. Thus the distance will be defined as the average difference between two
scenarios over the evaluated time span. Since the scenario tree construction al-
gorithm is a backward algorithm the average distance is first assessed over the
time span from the first node until the second to last, subsequently from the
first to the third to last and so on. Whenever the average distance between two
scenarios over this time span is smaller than the threshold value the two scenarios
are aggregated and a tree-shaped ensemble is thus created during this process.

The first component of the scenarios reduction algorithm is determined; dis-
tance is defined as the average difference between two scenarios. Two experiments
are designed to determine the second and third component. Both experiments
are done under the following assumptions.

The scenario tree construction algorithm is the second part of the scenario
reduction algorithm. In the first part a pre-defined number of scenarios is set to
which the original ensemble is reduced. To see the effect of this parameter on the
results of the first two experiments, they are done for three different number of
scenarios, 7, 20 and 50. A more detailed analysis of the influence of the number

of scenarios on the performance is carried out in experiment three.

Threshold values from 0% to 2000% of the maximum pump capacity are
evaluated. The experiments are first done for the base case configuration. To
check whether the results are consistent with different values for the maximum
pump capacity, storage area, information-prediction horizon and optimization
horizon the storage area (Astorage) and the maximum pump capacity (umax) are
varied. For all these configurations the information-prediction horizon (7j,) is
kept at 50% of the optimization horizon (i.e. information-control horizon 7., see
for the calculation of Ti. Appendix D). Four configurations have been choosen to
represent a variety of the aforementioned parameters:
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Figure 4.2: Relative performance comparison for TBMPC with the original sce-
narios and TBMPC with cumulative scenarios. The horizontal axis denotes the
value of the threshold as a percentage of the maximum pump capacity.
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The simulations are conducted on a randomly generated year long precipitation

series that is shown in Figure 4.1.

4.2 Experiment 1: Pre-processing of scenarios

The aggregation and the tree construction can be done on the original inflow

scenarios, however these can be pre-processed as well. It is expected that trans-

lating these scenarios to cumulative scenarios yields better results. Consider two

identical scenarios with one peak event and only a phase difference of one time
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Figure 4.3: Relative performance versus threshold as percentage of the maximum
pump capacity of the system for four different configurations.

step (assumed to be small relative to T;,). By using the original scenarios the
difference between these two scenarios looks to be severe, however they actually
are much alike. The same anticipatory actions need to be taken, only the tim-
ing of the event is slightly uncertain. When more information becomes available
this uncertainty will disappear and since roughly the right anticipatory actions
were already taken, there will be enough time to make the latest adjustments for
the exact timing of the event. When using cumulative scenarios the difference
between these two scenarios will be much smaller. Because absolute differences
are used the peak event only causes one large difference with cumulative scenar-
ios compared to two large differences with the original scenarios, yielding lower
distance values for the cumulative case. A better distinction between scenarios
that need really different anticipatory actions can thus be made. Because of the
integrating behavior (which shows much resemblance with the cumulative inflow)
of a reservoir, such a system should benefit particularly from using cumulative
scenarios to make the distinction between scenarios.

This experiment is only done with seven scenarios, not with 20 and 50 sce-
narios, since the largest benefit is expected with a lower number of scenarios.
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The more scenarios are preserved the less important the choice of which scenario
to aggregate becomes. For all configurations the performance is assessed with
threshold values in the range from 0% to 2000% of the maximum pump capacity.
The results of this experiment with the aforementioned configurations are shown
in Figure 4.2.

Using cumulative scenarios to base the tree-construction on yields better re-
sults for every configuration and every threshold value. The advantage of using
cumulative scenarios is clear from these results. Indeed it looks like the reservoir
system used here benefits from the better distinction between scenarios. Cumu-
lative scenarios will be used in the subsequent experiments.

4.3 Experiment 2: Threshold value

The influence of the threshold value on the performance is investigated with
this experiment. The simulations are done with 7, 20 and 50 scenarios for the
aforementioned configurations. The results are shown in Figure 4.3.

The influence of the threshold value varies for all four systems. A value of
100% of the maximum pump capacity yields the highest relative performance
only for the base case configuration with seven scenarios. Configuration 4.3a and
4.3d, however perform best without any tree construction at all (i.e. threshold
value equals 0%), but the 100% value is not far off from the best results. Higher
values than 100% provide worse results for these configurations. The opposite is
shown for configuration 4.3c, where again the 100% value performs satisfactory,
but higher values can even provide better performance. The hypothesis that
a threshold value of 100% of the maximum pump capacity performs the best
holds up as over this wide variety of configurations it provides a performance
that is either the optimum or very close the optimum that can be achieved.
Some threshold values show a higher relative performance than the 100% value
in one case, but are unacceptably worse in other cases (e.g. compare 300% for
configurations 4.3c and 4.3d).

It is clear that the threshold value and with it the tree that is created based
on the distance and the threshold is an important component in the performance
of TBMPC. From Figure 4.3 only the effect on the closed loop performance can
be seen. How the tree is influenced and varies with different threshold values is
not clear from these results. Also the effect on the calculation time is not yet
examined. The latter is first briefly investigated, followed by a detailed analysis
of the effect on the tree.

In Figure 4.4 the normalized calculation time of the four configurations under
investigation is shown. Contrary to the effect on the closed loop performance,
the effect on the calculation time is consistent for all configurations. A higher
threshold value decreases the calculation time. A threshold value of 100% shows a
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Normalized in this case means that the largest value for each series is set to 100
and the other values are expressed as a fraction of that.

40% to 60% reduction in calculation time when seven scenarios are used to create
a tree. When, however, 50 scenarios are used the calculation time reduction is
80% to 90%. The reduction in calculation time thus increases when the tree is
created from more scenarios.

To give insight in whether or not the reduced ensemble (i.e. the created tree) is
a good estimation of the actual inflow and is thus a representative ensemble, which
is the objective of the scenario reduction algorithm, the ensembles themselves
are investigated. If the probability weighted average of the ensemble is equal to
the actual inflow it is a representative ensemble, however if the ensemble over-
or underestimates the actual inflow it has a bias. Figure 4.5 shows the bias
of the original ensemble, the reduced ensemble without tree construction (i.e.
threshold = 0) and with a threshold value of 100% and 2000% of the maximum
pump capacity. The bias is determined by comparing the difference between the
actual inflow and the probability weighted average of the ensemble on each time
step of the optimization horizon. This is evaluated over the complete simulation
horizon and expressed as a percentage of the actual inflow. The averages of these
results are shown in Figure 4.5. The calculations were done on the results of the
simulations with a reduced ensemble with seven scenarios (Nyeq = 7).

As hypothesized the threshold has indeed a significant influence on the tree
construction. Without the tree construction (i.e. threshold = 0) the reduced
ensemble is overestimating the inflow, by setting an appropriate threshold this
bias can be largely removed again. Choosing a too high threshold yields an
underestimation of the inflow. Note that the bias for all reduced ensembles is
equal at the last time step since no aggregation is done on this time step. For
programming reasons the number of nodes at the last time step had to be equal
to the number of reduced scenarios.

The effect of the tree construction and the threshold value on the bias of the
reduced ensemble is the same for all four configurations, however the effect on the
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Figure 4.5: Bias of the original ensemble and the reduced ensemble with a thresh-
old value of 0%, 100% and 2000% of the maximum pump capacity. The bias is
the difference between the probability weighted average of the ensemble and the
actual inflow as a fraction of the actual inflow. This is done for all time steps of
the optimization horizon for all optimizations over the simulation horizon. The
average of those values is shown here. Note that the bias for all reduced ensembles
is equal at the last time step since no aggregation is done on this time step.

relative performance is not. Two effects can be observed from Figure 4.3. The
combination of a high number of scenarios and not creating a tree result in a large
drop in relative performance for configurations 4.3b and 4.3c. A high threshold
value only leads to a significantly lower relative performance in the case of config-
uration 4.3d. The latter can be explained by certainty equivalence and the bias
results shown in Figure 4.5. Configuration 4.3c is close to certainty equivalence,
whereas configuration 4.3d is further away from certainty equivalence. In the
latter case underestimation of peak events (due to a high threshold value) in the
ensemble easily leads to an upward exceedance of the normal operating band and
a sharp increase in costs. For configuration 4.3c, however, underestimation does
not lead to an upward exceedance of the normal operating band as the system
can easily buffer or pump out any inflow, by using its feedback capabilities.

The large decrease in relative performance for a high number of scenarios and
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no tree creation for configurations 4.3b and 4.3c can be explained by the bias and
certainty equivalence as well.

Reducing the ensemble to a lower number of scenarios in the first part of the
scenario reduction algorithm leads to a larger positive bias in the ensemble. Also,
the larger the threshold value, the smaller the difference between the ensembles
with 7, 20 and 50 scenarios becomes. This has been examined and confirmed in
a separate experiment, but results are not shown. Reduced ensembles with more
scenarios thus have a smaller positive bias and thus predict lower inflow, which
leads to on average higher water levels. A higher average water level leads to
higher costs compared to the optimal situation of an average water level at set
point.

A second effect is causing underestimation of the inflow (and thus higher
water levels) as well. Consider an ensemble with a peak event halfway in the
forecast. With 50 scenarios and a threshold value of zero the scenarios split after
7 = 6 (because the first six actions are implemented, they are not allowed to split
earlier). Uncertainty is still low at this point in the ensemble, leading to multiple
scenarios, close to each other. Not all scenarios will predict the peak event. At
the time step of the peak event the scenarios start to really differ. This is the
point where the scenarios should actually split, since this is where the uncertainty
actually enters the system. A threshold value of 5% of the maximum pump
capacity will aggregate a lot of scenarios already between 7 = 6 and the timestep
of the peak event. A larger part of the ensemble then carries the possibility of the
peak event occuring. This leads to higher pump actions calculated on the first six
timesteps. Without the tree, lower pump actions are calculated and implemented
creating the secondary underestimating effect. The average water levels for the
four configurations in Figure 4.3 can be found in Appendix E, Table E.1.

Not only are there additional costs due to a higher average water level, but
also due to additional pumping. When the system overestimates the inflow, it
has lowered the water level too much by pumping too much. This situation is
corrected by stopping the pumping and letting the water level increase. When
the inflow is underestimated the water level was not lowered enough and this
situation can only be corrected by ‘emergency’ additional pumping. Pumping
changes are penalized quadratically leading to higher pump costs compared to
when a correct forecast of the inflow was used. The total pump costs for the four
configurations in Figure 4.3 can be found in Appendix E, Table E.2.

Both effects occur for all configurations. For a system close to certainty
equivalence the total costs will be small compared to a system that is further away
from certainty equivalence, where costs are dominated by upward exceedance of
the normal operating band. The impact of the small increase in average water
level is thus also small for a system further away from certainty equivalence
(i.e. configuration 4.3a), but higher for a system closer to certainty equivalence
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(i.e. configuration 4.3c). The same holds for the additional pumping costs, they
are small compared to the total costs for systems further away from certainty
equivalence and larger for systems closer to certainty equivalence. This is the
reason for the different effects on the relative performance shown in Figure 4.3.
The total pump costs and costs due to an upward exceedance of the normal
operating band, both expressed as a percentage of the total costs for the four
configurations in Figure 4.3 can be found in Appendix E, Table E.3.

This negative property of TBMPC only has a material effect on configurations
where water levels do not exceed the upper boundary of the normal operating
band anyway. The use of a large number of scenarios and no tree construction to
keep as much information as possible is not needed here. A simple feedback con-
troller would have performed equally well or better (i.e. see relative performance
for a threshold value of 2000% of the maximum pump capacity for configuration
4.3c).

The two parts of the scenarios reduction algorithm need to go hand in hand.
Not creating a tree yields non representative reduced ensembles, because they
carry a bias. The presented results make a good case for the use of a threshold
value of 100% of the maximum pump capacity in the second part of the scenario
reduction algorithm. The bias that is present in the ensemble after the reduction
of complete scenarios is largely removed, calculation time is reduced by 40% to
90% and the relative performance is either optimal or close to the optimum that
can be achieved for varies threshold values.

4.4 Experiment 3: Influence of the number of scenarios

The second objective is to determine the influence of the number of scenarios.
This is done by looking at the marginal information loss per deleted scenario,
which is defined as the decrease in relative performance (V') per deleted scenario.
The marginal information loss depends on the scenario aggregation and the tree
construction. Simulations with a threshold value of 0% are done to show the
influence of aggregation of complete scenarios on V. Evident from the previous
experiments is the influence of the tree construction on V', especially for a high
number of scenarios. Simulations with a threshold value of 100% are done to see
if the marginal information loss pattern is the same as for the no tree construction
case.

The number of scenarios in the reduced ensemble is incrementally reduced
from 50 to 1. For each case V is calculated, yielding the marginal information
loss curve.

Three configurations are tested to see if the marginal information loss is con-
sistent for different configurations. The base case is used, followed by a config-
uration with an equal T, but at the same time significantly further away from
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Figure 4.6: Relative performance as a function of the number of reduced scenarios.
The first configuration is closer to certainty equivalence than the other two. The

influence of the tree construction can be seen by comparing the two lines in each
figure.
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Figure 4.7: Normalized calculation time plotted against the number of reduced
scenarios for the three tested configurations (threshold equals 100% of maximum
pump capacity). Normalized in this case means that the largest value for each
series is set to 100 and the other values are expressed as a fraction of that.

certainty equivalence. The last configuration is comparable in terms of certainty
equivalence to the second configuration, but 7T, is half of that of the second con-
figuration. This last configuration is chosen to determine if the length of the
ensemble has influence on the marginal information loss. An overview of the
three configurations is shown below:

1. Astorsze _ () 04 _umax  — ().0005 and T, = 30 (base case).

Asystem Asystem

9. Zstersse _ ()], _Umax — (0002 and T}, = 30.

system system

3. g — (], tmas = 0,0003 and T, = 15.

system Asystem

T, is kept constant at 15 hours for all three configurations, to generate compa-
rable ensembles. The inflow series from Figure 4.1 is used again. The results are
shown in Figure 4.6. Note that V with one scenario is the same for both cases,
since one cannot create a tree from only one scenario.

Configurations two and three show an increasing relative performance with
additional scenarios. For both systems the added value of more scenarios flattens
off after about eight to 10 scenarios. For a configuration closer to certainty
equivalence (i.e. base case) the pattern seen at the other two configurations is non
existent. Additional scenarios here do not have any value, they merely increase
calculation time. This is illustrated in Figure 4.7 where the linear relationship
between the calculation time and the number of scenarios is shown.

For configurations two and three the marginal information loss pattern is the
same for the 0% and the 100% case, however, the latter has a slightly lower rel-
ative performance. These two configurations are far away from certainty equiv-
alence, thus additional information is aggregative to the relative performance.
Configuration three has an T, of half that of the second configuration, however,
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Average water level Variance of water level

TBMPC 0.0024 m 3.4E-04 m?
MPC -0.0050 m 5.7E-04 m?2

Table 4.1: Characteristics of the complete simulation for TBMPC with one sce-
nario and MPC, for the base case configuration.

the marginal information loss pattern is the same. It is thus concluded that the
length of the ensemble itself has no influence on the marginal information loss.

The base case configuration displays the same phenomenon that was observed
in Figure 4.3. A high number of scenarios combined with no tree construction has
a negative influence on the relative performance for configurations that are close
to certainty equivalence. A detailed analysis of this effect is given in paragraph 4.3
and thus not repeated here. The base case configuration results, however, clearly
show this effect again. With an increasing number of scenarios a downward trend
in relative performance for the case without tree construction can be seen. As
argued in paragraph 4.3 this trend is eliminated when a threshold value of 100%
of the maximum pump capacity is used.

From the situations with only one scenario the added benefit of the scenario
reduction algorithm can be derived. In configuration one TBMPC performs sig-
nificantly better than MPC, although both, in this case, are a deterministic opti-
mization. Choosing the most representative scenario instead of a random one has
its benefits. This can be explained be a more volatile and slightly less optimal
average water level for MPC case. Table 4.1 shows the variance and the mean of
the water level for TBMPC with one scenario and MPC. The water level is more
volatile in the MPC case and the absolute distance from set point is larger as
well. With a quadratic cost function, both lead to higher costs. The increase in
costs is however small compared to costs that yield from an upward exceedance
of the normal operating band. This is the reason why this difference only has
an effect on the relative performance for configuration one. Total costs are small
for the base case configuration and the phenomenon can have an effect on the
relative performance, but in a situation where total costs are a few magnitudes
larger and dominated by costs associated with an upward exceedance of the nor-
mal operating band the effects of this phenomenon do not show up in the relative
performance value (see Table 4.2). Hence the added benefit of the scenario reduc-
tion algorithm does not show up for configurations two and three, it is however
present there as well.

The results for the third configuration show a relative performance larger
than one with more than six scenarios and no tree construction. This is the
result of the selection of T,. The formula derived in Appendix D was used to
determine it, but this formula assumes it is not necessary to lower the water level
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Total costs Upward exceedance [%)]

Configuration 1 39 0.75
Configuration 2 183188 98
Configuration 3 40504 97

Table 4.2: Overview of the absolute amount of the total costs and the percent-
age of the total costs that are generated by upward exceedances of the normal
operating band.
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Figure 4.8: Inflow series used for water system characteristics experiments. Av-
erage inflow of 0.92 m3/hour. Maximum inflow of 48.27 m3/hour. Total inflow
of 8141 m?3.

below the normal operating band. For a system this far away from certainty
equivalence, this could however be necessary. More time is needed to lower the
water level below the normal operating band and thus T;, should be increased to
get the optimal control actions. MPC with a perfect forecast causes not enough
lowering of the water level in this case. The ensemble without creating a tree,
however, overestimates the inflow (see Figure 4.5) and this partly compensates
the too short T,. This yields a relative performance above 1. For TBMPC with
10 scenarios, MPC and MPC with a perfect forecast the simulations were re-done
with higher T, values. The performance of TBMPC and MPC did not improve
much, however, that of MPC with a perfect forecast increased about 30% when
T, was increased from 15 to 20 hours. The relative performance for TBMPC with
10 scenarios and no tree construction became about 0.85. Even higher values for
T, did not lower V' any further.

The above experience leads to the use of a safety factor in equation D.1.
When using this equation in practice multiplying 7i. with a factor 1.3 to get T,
is advised. Due to calculation time constraints in this research equation D.1 is
used as presented in Appendix D.
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4.5 Experiment 4: Influence of water system characteris-
tics

The last objective stated in Chapter 1 is to give insight on how the improvement of
TBMPC over MPC varies with different system characteristics. This experiment
tries to achieve that by investigating the two main water system characteristics
on the following ranges:

e Storage capacity of the system <%>: from 0.01 up to 0.05.

system

e Discharge capacity of the system <A“*¢>: from 0.0002 up to 0.001.

system

The experiment is done for all combinations of these two parameters. The other
parameters are set to the base case values, including the ones derived during
the previous three experiments. A threshold value of 100% of the maximum
pump capacity performs well for different configurations. From the marginal
information loss experiments it became clear that between eight to 10 scenarios
led to the most added benefit with the least amount of added calculation time.
Given the wide variety of configurations and the desire to keep calculation time
as limited as possible all simulations for this experiment will be done with eight
scenarios and a threshold value of 100% of the maximum pump capacity. To
isolate the influence of the storage area and the pump capacity the ensembles are
the same for all configurations. 7j, is again kept constant at 15 hours. This is
Tip that is associated with the base case configuration (% = 0.04 and Aqi;r;:m
= 0.0005 and Ti, = 50% of Ti.). All experiments are done under the forcing of
the inflow series shown in Figure 4.8.

The hypothesis is that systems closer to certainty equivalence will show less
improvement in performance by going from MPC to TBMPC. For a system close
to certainty equivalence the average prediction suffices (for a more elaborate
definition of the certainty equivalence principle, see paragraph 3.1). Randomly
choosing one of the 50 scenarios of the prediction over a long period results in the
average prediction. MPC should thus work better on systems close to certainty
equivalence. The improvement of TBMPC will be smallest here and larger for
the systems further away from certainty equivalence. The results are shown in
Figure 4.9a as a grey shaded matrix to get a clear overview of the results.

The hypothesis does not seem to hold. Configurations far from certainty
equivalence (i.e. north west in the plot) show a positive relative performance,
but configurations close to certainty equivalence (i.e. south east in the plot)
show the highest relative performance. When plotting the relative performance
against T, (Figure 4.10a) it looks like if a longer T, leads to a lower relative
performance. Since Ti, is constant for all configurations it could be that this is
caused by the fact that the quality of the forecast on the entire T, is different for
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Figure 4.9: Relative performance for 81 different configurations. Figure 4.9a
shows the results with a Tj, of 15 hours for all configurations. Figure 4.9b shows
the results with a Ti, of 50% of the T, of each configuration.
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Figure 4.10: Relative performance plotted against the optimization horizon.

each system. Consider the configuration with % = 0.05, AZ;“Sjgm = 0.0002 and
T, = 150. After 7 = 15 the forecast is a realization of the climatic distribution.
Choosing a random scenario here for a long period essentially yields the climatic
mean of the forecast. Trying to distill extra information from this by deleting
certain scenarios and creating a tree does not seem logical, since there is no
extra information present in this part of the ensemble. To see if this is true the

experiment is repeated with T, set to 50% of T, for each configuration.

Figure 4.9b shows a different pattern than Figure 4.9a, however, systems
close to certainty equivalence still show the highest relative performance as a
class. Displaying the relative performance against T}, reveals that the trend of
a lower relative performance with a higher T, is somewhat diminished, but not
completely gone.
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It could be that the results are skewed due to the unseen component ‘adaptiv-
ity’. This is the ability of the system to correct mistakes, because of its receding
horizon. The adaptivity is high when only the first action is implemented and the
receding horizon displaced one time step. When for example the first six actions
are implemented and the receding horizon displaced six time steps the adaptivity
is low (keeping all other parameters the same). A highly adaptive system can
correct mistakes it made fairly easy, thus having a wrong forecast might not be
such a big problem.

All configurations in the south east of Figures 4.9a and 4.9b have a short
T, (eight to 20 hours) combined with implementing the first six actions. All
configurations in the south west have a long 75 (30 to 150 hours) combined with
implementing the first six actions. Given the definition of adaptivity above, the
latter configurations are thus highly adaptive and the former configurations are
only slightly adaptive.

To see if the above hypothesis is an explanation for the results found so far
the following experiment is carried out. The relative performance is investigated
with varying number of actions that are implemented per optimization (i.e. the
optimization time step is varied, see paragraph 3.5 for a more detailed description
of this parameter). To see how this parameter influences the results of Figures
4.9a and 4.9b simulations have been done on three configurations. To be able
to compare the results between these configurations, the relative performance
is plotted against the ratio of the optimization time step and the optimization
horizon. Results are shown in Figure 4.11.

A few conclusions can be drawn from the results. For a ratio below 0.25 indeed
the relative performance increases with less adaptive configurations. Between
a ratio of 0.25 and 0.6, however, the relative performance actually decreases.
Yet for a ratio above 0.6 a strong upward trend in the relative performance for
less adaptive configurations can be seen. The standard deviation of the relative
performance increases with decreasing adaptivity. This is due to the fact that the
random selection of a scenario for MPC is done less often and the actions that
are determined are based on less certain data in the forecast, which results in
greater difference between actions, yielding more difference between the 10 MPC
simulations.

These results do not necessarily explain the earlier observed relative perfor-
mance for various configurations. For example fixing the ratio at 0.2 for all
configurations would have given the same results as in Figures 4.9a and 4.9b. On
the other hand when the ratio would have been fixed at 0.8 or 0.9 another pattern
would have emerged in the aforementioned figures. Configurations in the south
west of Figure 4.9b would not have shown a much lower relative performance as
compared to configurations in the south east of that figure, they would have been
equal.



4.5. EXPERIMENT 4: INFLUENCE OF WATER SYSTEM CHARACTERISTICS53

1

0.9r .
os E” 1.

0.7F . ‘~--~I ----------- ]
0.6 :

0.5+ il
0.4F - &

0.3 .

0.2+ / .

0.1} | ] .
-

O = = = ol s s - - - ]
-0.1r .

Relative performance (V)

-0.2 —— U/A = 0.0003 and A/A = 0.05 ||
—03l U/A = 0.0005 and A/A = 0.04 |

- - -U/A = 0.001 and A/A 0.05
_04 L L T

1 1 1 T T T
0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
Optimization timestep/optimization horizon

Figure 4.11: Relative performance against optimization time step for three con-
figurations. For two configurations the standard deviation is shown. Standard
deviation is not shown for the first configuration to keep the figure clear, how-
ever, it is similar in size and variation to that of the second configuration. The
corresponding ratio that was used in Figures 4.9a and 4.9b is indicated by the
black circles.

In paragraph 4.4 a high relative performance was shown for the base case
configuration. A closer look was taken at the case with one scenario, concluding
that a less volatile and closer to set point water level was the main reason for
the high V. This phenomenon could also be an explanation for the high V'

values seen in Figure 4.9b for the configurations close to certainty equivalence.
Astorage
As stem

From the configurations with a ratio larger than 0.025, a AZ;?:m ratio
larger than 0.0005 and V' above 0.65 not one has an upward exceedance of the
normal operating band and total costs are small. These systems show much
resemblance with configuration one of paragraph 4.4. In Table 4.3 the average
and the variance of the water level for TBMPC and MPC of these configurations
are shown. The results are similar to those in paragraph 4.4. The average water
level is further away from set point in the case of MPC compared to TBMPC and
the variance of the water level is larger in the case of MPC compared to TBMPC.
These two factors are the main drivers of a positive relative performance for these
configurations.

From all the results in this paragraph it is clear that the relative performance
is positive for a wide variety of configurations and for some configurations even
approaches the result of a deterministic optimization with a perfect forecast. A
clear relationship between the relative performance and how close too or how
far away from certainty equivalence a configuration is, is not found. The main
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Umax Astorage var var
system Asystcm meC meC thmpc thmpc

0.0006 0.045 -7.2E-03 6.0E-04 -1.4E-03 3.6E-04
0.05 -6.8E-03  5.2E-04 -1.1E-03 3.1E-04
0.0007  0.04 -11.5E-03 T7.4E-04 -4.2E-03 4.4E-04
0.045 -9.6E-03 5.8E-04 -3.6E-03 3.5E-04
0.05 -9.1E-03  5.1E-04 -3.1E-03 3.0E-04
0.0008 0.035 -14.6E-03 9.1E-04 -4.0E-03 4.9E-04
0.04 -129E-03 T7.4E-04 -2.8E-03 3.9E-04
0.045 -11.6E-03 6.1E-04 -1.9E-03 3.2E-04
0.05 -104E-03 5.3E-04 -14E-03 2.7E-04
0.0009  0.03 -18.0E-03 12.0E-04 -4.3E-03 6.3E-04
0.035 -154E-03 8.9E-04 -2.6E-03 4.8E-04
0.04 -135E-03 T7.4E-04 -0.8E-03 3.7E-04
0.045 -11.8E-03 6.1E-04 0.3E-03 3.0E-04
0.05 -10.8E-03 5.3E-04 1.2E-03 24E-04
0.001 0.03 -19.1E-03 13.0E-04 -4.5E-03 6.7E-04
0.035 -16.4E-03 9.7TE-04 -1.8E-03 5.0E-04
0.04 -12.3E-03 7.7E-04 0.2E-03 3.6E-04
0.045 -11.3E-03 6.4E-04 1.7E-03 2.8E-04
0.05 -9.7E-03  5.5E-04 2.7E-03 2.2E-04

Table 4.3: Comparison between the average water level (X) and the variance of
the water level (XV?") for TBMPC and MPC.

reason for this is that there are multiple effects that can cause TBMPC to per-
form better than MPC. The hypothesis at the start of this experiment was that
TBMPC would only be an improvement over MPC for configurations far away
from certainty equivalence. When water levels easily exceed cost thresholds the
average forecast will no longer provide good results. The results show positive
relative performance values for these systems, however, it was not expected to see
such values for configurations close to certainty equivalence as well. The effects
of the lower water level variance and the closer to set point average water level
on the relative performance were underestimated.



Chapter 5

Conclusions

In Chapter 1 control algorithms for water systems and TBMPC in particular
were introduced. This overview defined four problems with TBMPC that needed
further investigation, which led to four objectives. In the previous chapter it has
been tried to achieve those objectives. The conclusions on these objectives are
given in this chapter.

5.1 Closed loop simulation

Until this research TBMPC was only tested in open loop simulations. Through-
out this research, however, the performance of TBMPC and MPC was measured
in closed loop simulations. Every simulation consisted of hourly values for precip-
itation, inflow, water level and actions over a period of one year. This provided
the ability to evaluate the performance not only for extreme situations (e.g. a
design storm), but also under normal conditions. This is important, since if
TBMPC reduces the damage of a certain extreme event (compared to MPC),
but this reduction in costs is more than offset throughout the rest of the year,
TBMPC provides little or no benefit. The performance was calculated as the to-
tal value of the objective function over the yearlong simulation. This was done for
TBMPC, MPC and MPC with a perfect forecast (i.e. forecast equal to inflow),
which together yield the relative performance value:

V = VmpC - thmpc

(5.1)
Vmpc - Vperfect

A value of one indicates that TBMPC performs equal to MPC with a perfect fore-

cast and zero represents no improvement over MPC. This formula is unbounded

below zero and negative values represent situations where MPC performance bet-
ter than TBMPC.

95
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The results in the previous chapter show a total of 698 relative performance
values and 677 (97%) out of these are larger than zero. This shows that TBMPC
performs better than MPC not only for extreme events, but also under normal
operating conditions. These results consider all variations of TBMPC that have
been analysed in this report, not only the optimal variations. The next two
paragraphs will discuss the optimal parameters for the scenario tree construction
algorithm and the number of scenarios.

5.2 Scenario tree construction algorithm

It was already acknowledged that the scenario tree construction algorithm has an
influence on the performance of TBMPC. What the most optimal parameters are
and if they could be set as a ratio to certain system characteristics was unknown.
Therefore the pre-processing of scenarios and the influence of the aggregation
threshold have been investigated.

The scenario tree construction algorithm has been applied on the original
inflow scenarios and on the cumulative inflow scenarios. It was hypothesized that
by using cumulative scenarios a better distinction between scenarios can be made
by the algorithm. The results showed that for all water system configurations
and all threshold values that were tested the cumulative scenarios indeed provided
better results.

The threshold value is an important parameter in the scenario tree construc-
tion algorithm, as it determines if scenarios can be aggregated on a certain part of
the ensemble. The magnitude of this value and if it needed to be a constant value,
or one that varies with different system characteristics was not yet known. The
hypothesis was that the threshold value needed to be a fraction of the maximum
pump capacity of the system. For four different system configurations, 13 dif-
ferent fractions and three different number of scenarios the relative performance
was determined.

A threshold value of 100% of the maximum pump capacity provided either
optimal or close to the optimal relative performance and was most consistent
between the four system configurations. The objective of the scenario reduction
algorithm is to create a representative ensemble with the greatest reduction in
calculation time. Good relative performance could indicate a representative en-
semble was used, but a closer look at the ensemble itself was taken as well. It
was concluded that the deletion of complete scenarios adds a positive bias to
the ensemble, however, the scenario tree construction algorithm with a threshold
value of 100% of the maximum pump capacity largely removed this bias. Higher
values created a negative bias.

Not only gives a threshold value of 100% of the maximum pump capacity good
relative performance, it reduces calculation time by 40% to 90% as compared to
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no tree construction (i.e. threshold value of 0% of the maximum pump capacity).
The reduction increases with increasing number of scenarios.

5.3 Number of scenarios

The scenario reduction algorithm consists of two parts, first reduce the number
of scenarios in the ensemble to a predefined number and secondly create a tree
from this reduced ensemble. No information was, however, available on which
number of scenarios is optimal in terms of performance and calculation time.

For three different system configurations the relative performance and cal-
culation time have been investigated. Simulations were done with one to 50
scenarios. Calculation time showed a clear linear relationship on the entire result
space. The relative performance, however, did not show a linear relationship. For
two configurations the relative performance increased from one to about eight to
10 scenarios, but flattened off for a higher number of scenarios. For the third
configuration relative performance was flat on the range of tested number of sce-
narios. This configuration had no upward exceedances of the normal operating
band, thus better performance did not came from better peak event prediction.
TBMPC provided a more robust forecast, yielding more stable and closer to set
point water levels, which resulted in lower costs compared to MPC. Contrary
with better peak event anticipation, this effect already worked from one scenario
on.

Combining the linear increase in calculation time and linear increase in rela-
tive performance until eight to 10 scenarios and the flat relative performance for
more scenarios leads to the conclusion that eight to 10 scenarios is the optimal
number of scenarios to be used with TBMPC. This does not necessarily hold
for all control problems where TBMPC is used, but within the framework (e.g.
water system, cost function, forecast) of this research eight to 10 scenarios is the
ideal number.

5.4 Water system characteristics

The model build for this research has many parameters to define a water system,
however, throughout this research two parameters have been defined as the most
characteristic. The first one is the ability of the system to deal with disturbances
through discharge, expressed in the ratio between maximum pump capacity and
system area ( 4222 ). The second one is the ability of the system to deal with

system
disturbances through storage, expressed in the ratio between storage area and sys-

storage

tem area (ﬁ . To determine for which water system configurations TBMPC

system

is more beneficial these two ratios have been varied and used to define the range

of system configurations.
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The relative performance was determined for 81 different system configura-
tions. The aforementioned ratios ranged from 0.0002 to 0.001 and 0.01 to 0.05
respectively. It was expected that configurations with a low discharge capacity
and low storage capacity would see the most benefit of TBMPC and the lowest
relative performance values would be found for high values of both ratios.

Simulations were done with a constant quality of the ensemble and varying
quality, by means of a varying information-prediction horizon (Ti,), however, the
expected relationship was not found in both cases. It could be that the rela-
tionship that was expected is not found because of the hidden component of
‘adaptability’. This is the ability of the system to correct mistakes it made or
postpone the decision until more information comes available. A system with a
long optimization horizon (7,) is more adaptable than a system with a short op-
timization horizon (keeping all other parameters the same). MPC is expected to
benefit more from a higher adaptability than TBMPC. The optimization horizon
varies for the 81 different system configurations that have been investigated.

An analysis of the influence of the adaptability of the system on the relative
performance shows that indeed it can have a significant influence, however, the
results found so far do not provide an explanation for the failure of the hypothesis
on the influence of water system characteristics on the relative performance.

A more plausible explanation is that there are two mechanisms generating
positive relative performance values. The first is the better peak event antic-
ipation of TBMPC. The second is less volatile and closer to set point average
water levels. For configurations with a low discharge and storage capacity the
peak event mechanism is most dominant. This was expected to generate positive
relative performance values. For configurations with a high discharge and storage
capacity, however, there are no upward exceedances of the normal operating band
and thus better peak event anticipation is of no concern here. Hence, low positive
relative performance values were expected. For these configurations, however, the
second mechanism plays a dominant role and can provide high positive relative
performance values as well.

It is thus concluded that TBMPC shows a significant increase in performance
compared to MPC for various configurations of a linear reservoir system, how-
ever, no single relationship could be determined to express the added benefit of
TBMPC for any given configuration.



Chapter 6

Recommendations

Although a large number of simulations were performed, the model that was de-
veloped for this research has the capability of investigating even more parameters
that could have an influence on the relative performance. Due to time constraints
a selection was made based on the most characteristic or expected to be most
influential parameters. The relationship, however, between input parameters and
the performance of a control algorithm can be a complex one, as was seen with
the investigation of the influence of water system characteristics on the relative
performance. It is therefore recommended to look further into the effect of the
following parameters on the relative performance:

e Lead time between precipitation and inflow (e.g. when greenhouses can
store precipitation and delay runoff to the canals) or a lead time between
knowing the inflow and the inflow actually occurring (e.g. if the inflow is
already known further upstream in a catchment and cannot change anymore
before it reaches the controllable system).

e The effect of the area size on the pattern and the amount of the precipita-
tion.

e The objective function. For example a more extreme cost function (e.g.
higher or lower land values in a polder-belt canal system) or including other
objectives (e.g. ecological impact or power generation constraints).

Besides these additional parameters it would be useful to investigate the com-
plex relationship between adaptability, the scenario tree construction algorithm
and the relative performance further. The optimization time step plays an im-
portant role in this relationship and can have a significant impact on the relative
performance as was shown in paragraph 4.5.
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The aggregation of the scenarios by the scenario reduction algorithm is not
performed in a particular order, only based on the smallest probability weighted
difference and the probability of scenarios themselves. Usually there is only one
smallest distance and the two scenarios have a different probability, thus no ‘order’
needs to be defined. However, if two scenarios have the same probability and one
of them needs to be aggregated (because their distance is the smallest of all other
distances) the first one is aggregated to the second one. It could be useful to
check whether or not the addition of an order in which to delete scenarios can
improve the scenario reduction algorithm even further.

The possibility of branches of the tree joining again after a bifurcation point is
not taken into account in the current version of the scenario reduction algorithm.
The predictability decreases with time, but this is not always the case within
the ensemble length. The exact amount of rain from a severe storm in four
days could be uncertain, but a clear period after this storm could be very certain
again. Allowing branches to rejoin after a bifurcation point could thus be a useful
improvement to the algorithm.

All these simulations were done with a linear reservoir as a model of the
belt canals of a polder-belt canal system. This is of course an approximation
of the real world. A verification of the results in this research can be obtained
by implementing both TBMPC and MPC into a real polder-belt canal system,
or a very close approximation, like a detailed SOBEK model of such a system.
This will also result in insight on whether the calculation time needed for each
optimization for TBMPC is actually available within these systems.

The results presented in this report required a vast number of simulations and
calculation time (approximately 3200 hours). The function fmincon was used in
MATLAB, however, commercial packages (e.g. Tomlab) are available that can
serve as a replacement for fmincon, but require significant less calculation time.
Buying such a package and altering the MATLAB code to be compatible with it
could prove to be a good investment.
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Appendix A

Scenario reduction algorithm

A.1 Part 1: Numerical example of backward reduction
component

The scenario reduction algorithm is explained in paragraph 2.3.4. A numerical
example of the algorithm is given here for illustrative purposes.

The initial inflow ensemble for this example consists of 6 scenarios. Through
3 steps this is reduced to 3 scenarios. For each step the distance matrix, mini-
mum distance vector (dVec), probability vector (pVec) and probability distance
vector (distance multiplied with the probability, cVec) are shown. Red marks
the scenario that is aggregated and blue marks to which scenario it is aggregated
to. The distance in this example is defined as the average difference between two
scenarios:

D= (A1)

Where ¢ is the index of the node, n the length over which the distance is calculated
and I ; and I;; the scenarios that are compared.
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Inflow [m3/hour]

APPENDIX A. SCENARIO REDUCTION ALGORITHM

1 2 3 4 5 6

Inf 245 481 6.62 12.61 10.19
2.45 Inf 3.72 5.62 11.52 8.77
481 3.72 Inf 317 780 7.17
6.62 5.62 3.17 Inf 6.17 4.51
12.61 11.52 780 6.17 Inf 6.94
10.19 877 717 451 6.94 Inf

O Tl W N~

Table A.1: Distance matrix before step 1.

1 245 1 0.17 1 041
2 245 2 017 2 041
3 317 3 0.17 3 0.53
4 317 4 0.17 4 0.53
5 6.17 5 0.17 5 1.03
6 4.51 6 0.17 6 0.75

Table A.2: dVec, pVec and c¢Vec before step 1

140 T T T T T T T T T T
------ 1
21l
—3
41
-=-=-5
6L
- L =
25 30 55
Time [hour]

Figure A.1: The original ensemble with 6 scenarios.



A.1. PART 1: NUMERICAL EXAMPLE OF BACKWARD REDUCTION
COMPONENT 67
2 3 4 5 6
2 Inf 372 5.62 11.52 8.77
3 372 Inf 317 7.80 7.17
4 562 3.17 Inf 6.17 4.51
5 11.52 7.80 6.17 Inf 6.94
6 877 717 451 6.94 Inf
Table A.3: Distance matrix after step 1.
2 3.72 2 0.33 2 1.24
3 3.17 3 0.17 3 0.53
4 3.17 4 0.17 4 0.53
5 6.17 5 0.17 5 1.03
6 4.51 6 0.17 6 0.75
Table A.4: dVec, pVec and cVec after step 1.
140 T T T T T T T T T T
2
120 —3H
4
— 100 - --5{
é 6
£ 80 -
E
g o ! |
i= 1
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! \
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Figure A.2: Ensemble after step 1.
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Inflow [m3/hour]
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2 4 5 6
2 Inf 5.62 11.52 8.77
4 562 Inf 6.17 4.51
5 11.52 6.17 Inf 6.94
6 877 451 6.94 Inf
Table A.5: Distance matrix after step 2.
2 5.62 2 0.33 2 1.87
4 4.51 4 0.33 4 1.50
5 6.17 5 0.17 5 1.03
6 4.51 6 0.17 6 0.75
Table A.6: dVec, pVec and cVec after step 2
140 T T T T T T T T T T
2
120t e 4l
. ) ---5
100+ ’ 'l 6l
]
80 ) i
1 |}
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Figure A.3: Ensemble after step 2.
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COMPONENT 69
2 4 5
2 Inf 5.62 11.52
4 562 Inf 6.17
5 11.52 6.17 Inf
Table A.7: Distance matrix after step 3.
2 5.62 2 0.33 2 1.87
4 5.62 4 05 4 2.81
5 6.17 5 0.17 5 1.03
Table A.8: dVec, pVec and cVec after step 3.
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1201 L= 44
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— 100F ‘ ! 1
5 1
<] 1 !
< 80f , ! 1
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Figure A.4: Ensemble after step 3.
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A.2 Part 2: Numerical example of tree construction

The scenario reduction algorithm reduced the original ensemble to an ensemble

with 3 scenarios.

140 T T T T T T T T T T

120 e

100 ’

80

T
~
-
S
e
e

60[

Inflow [m3/hour]

40}

20

~. ~
! ! ™l 11 N \ S

.
10 15 20 25 30 35 40 45 50 55
Time [hour]

Figure A.5: Ensemble after the first part of the scenario reduction algorithm.

The scenario tree construction algorithm is applied to this reduced ensemble.
If the distance between scenarios is smaller than the threshold value, it will
aggregate these scenarios. As explained in paragraph 2.3.4 this is done with a
step wise backward strategy. The threshold value is set to 4 m®/hour. Only the

final result is shown.
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Figure A.6: Tree shaped ensemble after scenario tree construction algorithm is

applied to the ensemble from figure A.5.



Appendix B

Analysis of the daily precipitation
in De Bilt from 1906 - 2010

Daily average precipitation measurements from the De Bilt were analyzed. The
Royal Netherlands Meteorological Institute (KNMI) has these measurements
available from 1906. A time series from 01-01-1906 till 30-09-2010 was used
for this analysis.

The average daily precipitation over this period was 2.45 mm with a standard
deviation of 4.75 mm. A gamma distribution was fitted to the dataset, to find
daily precipitation amounts for certain return periods. This was done by making
use of the GAMMAINYV function in MS Excel. This function requires a value for
input parameters a and (8, which can be derived from the mean and variance of
the dataset, through the following equations:

Mean = a x (B.1)

Variance = o * 5° (B.2)

In Table B.1 various amounts and corresponding return periods can be found.

Precipitation amount [mm/day] Return period (/year)

33 1
52 10
71 100

Table B.1: Daily precipitation amounts with corresponding return periods based
on daily precipitation values from 1906 - 2010.
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Appendix C

Calibration parameters for the
precipitation and forecast
generator

The precipitation generator and the forecast generator can easily be calibrated to
any desirable historical record by only defining two parameters: (1) the mean of
the exponential distribution (Ecjiy)and (2) the transition matrix (C). The first
parameter can be derived by calculating the total amount of precipitation within
a certain historical record and dividing it with the number of non-zero values.

To create the transition matrix the occurrence of four different sequences
within the historical record needs to be determined:

e Py is larger than 0 and P, is larger than 0 (1).
e P4 is equal to 0 and P is larger than 0 (2).

e P, is larger than 0 and P; is equal to 0 (3).

e Py is equal to 0 and P; is equal to 0 (4).

The transition matrix than becomes:

#1 #2 ]

1 2 1 2
C= | FLF

#3+#4  H#3+#4

(C.1)

Where # represents the number of occurrences within the historical record.

To check if the values of the transition matrix are accurate, the steady state vector
belonging to this transition matrix can be calculated. This vector represents the
probabilities of wet and dry on all time steps, and is independent of the value of
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74 FORECAST GENERATOR

the first time step. The steady state vector [ql qQ} is derived in the following
way:
g= lim P, (C.2)
T—>00
Since q is independent from the initial conditions it must be unchanged when

transformed by C'. Since this makes it an eigenvector it can be derived in the
following way from C"

Cn Ci2
C = C.3
Co Cx (C3)
qC =q (C4)
qC =qI (C.5)
q(C—-1)=0 (C.6)
Cii Cr2 1 0
— =0 C.7
[(h QQ} ( Co1 Cay [O 1]) (C.7)
Cn—-1 Ci
=0 C.8
[Q1 Ch} Co Coy — 1 (C.8)
Since q1+¢2 equals 1 this can be solved and yields:
—C
[1 e 1*10114i1021} (C.9)

These values can be checked with the number of non-zero and zero values within
the historical record. ¢ equals the percentage of wet values and ¢o the percentage
of dry values.

For this research values representative for the Dutch climate are used. These
have been derived from 6 historical time series at the De Bilt, provided by the
KNMI (Royal Dutch Meteorological Institute). The 6 time series all consist of
hourly values, however over different measurement periods: 2009, 2008 - 2009,
2005 - 2009, 2000 - 2009, 1990 - 2009 and 1960 - 2009. The above procedure has
been executed for all these time series. The exponential mean and ¢q; (percentage
of wet values) of the steady state vector are plotted in Figure C.la and Figure
C.1b respectively.
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Figure C.1: Historic precipitation series analysis for ‘De Bilt’.

Both values do not converge to a particular value, implying that the values of
the time series of the year 2009 are not biased because of the shorter measurement
period. Therefor the values of the most recent time series will be taken, as these
should be closer to current climatic conditions than those of longer measurement
periods. All specifications of the 2009 time series are found in Table C.1.

Measurement station 260 De Bilt

Period 15¢ of January 2009 - 315* of December 2009
Time step 1 hour
Edim 0.7928 mm/hour
o 0.6755 0.3245
0.0409 0.9591
q 0.1119 0.8881

Table C.1: Historic precipitation time series specifications.






Appendix D

Experiment: Information-control
horizon

The information-control horizon (7j.) is the horizon after which information does
not influences the decision at the first time step anymore. All available informa-
tion on the time span before Ti. does have an influence on the decision. Setting
a correct optimization horizon is thus important, because:

1. An optimization horizon smaller than Ti. negatively influences the perfor-
mance of both MPC and FMPC, because information further in the future
would have influenced the control action at the first time step.

2. An optimization horizon that is longer than Tj. only increases calculation
time, but does not increase performance.

One can theoretically argue that the Ti. of any system will be in the order of
magnitude of the dynamic of the system, which can be defined as the time needed
to lower the water level from the upper boundary of the normal operating band
to the lower boundary. In other words this is the time needed to make all the
storage in the system available for a future precipitation event. The objective of
this experiment is to find a relation between the dynamic of the system and Tic.
By using this relation during the remainder of this research a correct Ti. will be
used in any case.

Consider a polder belt-canal system of 1 ha with a pump capacity of 7.5
m? /hour (gmex = (0.00075), a normal operating band (hnormat) of 30 centimeters

system

and a ratio between storage area and system area of 0.04 (% = 0.04). Total
storage volume is thus 120 m®. It than takes 16 hours to make all the storage of
this system available. This assumes however that no precipitation occurs in the

period before the precipitation event that needs anticipatory actions. By adding

7
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a ‘typical’ precipitation intensity over these 16 hours a more accurate value for
the available pump capacity can be found. In Appendix B daily precipitation
amounts from 1906 till 2010 measured at De Bilt have been analyzed. The
average daily precipitation amount is 2.45 mm. This yields an intensity of around
0.102 mm/hour, which corresponds to an inflow to the belt canals of around 1
m? /hour. Assuming this intensity is present during the anticipatory period, the
pump capacity during this period is thus reduced to around 6.5 m?/hour. The
anticipatory period becomes around 18 hours in this case. The described method
can mathematically be defined as:

Astorage
Asystern (D 1)
(Aumax X Asystem> - C

hnormal X Asystem X

Tic:

system

where Apormal is the normal operating band in meters, Ti. the information-control
horizon in hours, C the ‘typical’ inflow coefficient, 1 m?/hour in this case and
Agystem the system area in m?2.

To validate this formula the performance with varying optimization horizons
has been tested. The optimization horizon after which the performance does
not improve anymore is regarded as the Ti.. The simulations are done for the
three different pump capacities (2, 3 and 7 m®/hour). To avoid biased results
three different precipitation time series were generated which yield three different
inflow time series (see figures D.la, D.1b and D.1c). The time series are 1186
hours long and the control algorithm performed on the first 720 hours (simulation
horizon of 720 hours). The information-prediction horizon (7ip) is kept constant
at 144 hours for all simulations. In this way there is always to same amount (and
quality) of information available and how much of that is used is only dependent
on the Tj.. The number of scenarios in the reduced ensemble was 5. All other
parameters are set to the base case values.

Figure D.2 shows the result of the simulations. Corresponding values are
displayed in Table D.1. From these figures it is clear that equation D.1 works in
practice as well. It will thus be used for the remainder of this research.
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(a) Inflow time series 1. Average inflow of 1.10 m®/hour. Maximum inflow of 87.64
m? /hour. Total inflow of 1309.40 m?.
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(b) Inflow time series 2. Average inflow of 1.17 m®/hour. Maximum inflow of 70.73
m? /hour. Total inflow of 1393.20 m?.
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(c) Inflow time series 3. Average inflow of 1.01 m®/hour. Maximum inflow of 70.48
m? /hour. Total inflow of 1192.90 m?.

Figure D.1: Inflow time series.
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Figure D.2: Performance of MPC and TBMPC as a function of the optimization
horizon.



T1 T2 T3
40 130.86 145.32 163.57
50 113.17 120.97 143.98
60 106.62 120.60 130.83
70 111.11 11349 121.83
80 108.56 104.38 118.89
90 100.83 107.12 106.70
100 107.06 111.46 110.25
110 103.16 116.59 104.51
120 104.93 100.00 101.47
130 108.64 107.51 100.00
140 100.00 105.58 101.66

(d) TBMPC, 7147:;?;1

equals 0.0002.

T1 T2 T3
20 487.00 226.40 333.11
30 200.09 125.15 175.17
40 133.54 104.27 109.15
50 104.68 102.84 100.00
60 103.45 103.52 105.67
70 100.00 100.22 111.37
80 114.70 100.00 107.56
90 108.55 100.62 106.51
100 108.45 101.36 106.90

(e) TBMPC, =

Asyste

Py equals 0.0003.

T1 T2 T3
40 136.15 158.48 357.96
50 117.28 131.21 261.71
60 101.35 114.05 176.25
70 100.00 103.06 166.44
80 100.29 100.00 164.53
90 100.28 100.30 156.42
100 100.48 100.43 140.42
110 100.77 100.25 129.03
120 100.97 100.20 113.46
130 101.46 100.88 102.19
140 101.76 100.69 100.00
(a) MPC, A’:;“S‘::m equals 0.0002.
T1 T2 T3
20  297.68 357.38 311.05
30 180.75 233.94 285.88
40 136.15 158.48 254.92
50 117.28 131.21 186.37
60 101.35 114.05 125.52
70 100.00 103.06 118.53
80 100.29 100.00 117.17
90 100.28 100.30 111.39
100 100.48 100.43 100.00
(b) MPC, AZ;::m equals 0.0003.
T1 T2 T3
5 819.81 521.07 257.52
10 187.04 178.35 110.96
15 102.67 100.00 100.00
20 100.33 130.91 116.30
25 100.00 130.93 120.85
30 103.45 131.43 116.23
35 101.30 130.37 117.22
40 100.96 131.53 120.19
(c) MPC, jimax_ equals 0.0007.

Asystem

T1 T2 T3
5 1398.77 783.77 368.49
10 350.32  317.40 140.58
15 113.03 125.09 110.58
20 103.83 103.81 100.00
25 101.96 102.51 106.88
30  102.53 100.00 109.85
35 100.00 100.45 106.68
40 101.81 102.16 100.88
(f) TBMPC, tmax_ equals 0.0007.

Asystem

81

Table D.1: Normalized performance values of MPC and TBMPC as a function
of the optimization horizon.






Appendix E

Data on water levels and cost
components for Experiment 2

0% 100% 0% 100%
7 -0.0126 -0.0027 7 0.0059 0.0017
20 -0.0116 -0.0026 20 0.0143 0.0052
50 -0.0029 -0.0023 50 0.0295 0.0059
(a) Fiemse = 002 and (c) Fie=e= = 0.06 and
7, = 0.0005. A, = 0.0005.
0% 100% 0% 100%
7 0.0018 0.0011 7 -0.0460 -0.0215
20 0.0066 0.0029 20 -0.0533 -0.0315
50 0.0217 0.0031 50 -0.0420 -0.0315
(b) S2e=e= — 0.04 and (d) Ftems== = 0,02 and
Aoparem = 0-0005. lma = (.00025.

Table E.1: Average water level for the four configurations of Experiment 2. The
columns specify the value of the threshold as a percentage of the maximum pump
capacity of the system. All values are in meters.
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APPENDIX E. DATA ON WATER LEVELS AND COST COMPONENTS FOR

84 EXPERIMENT 2
0% 100% 0% 100%
7 1594 1546 7 5.31 447
20 17.16 16.17 20 5.47 4.82
50 19.80 16.19 50 7.40 4.93
(a) 72;23 = 0.02 and (c) %Z;Z‘Zie = 0.06 and
7A’:;:j:m = 0.0005. 7A’:;:j:m = 0.0005.
0% 100% 0% 100%
7 7.06 6.38 7  44.86 31.27
20 7.56 6.73 20 44.59 32.43
50 10.03 6.77 50 45.62 32.18
(b) Fese — 0.04 and (d) Femse — 0,02 and
AZ;;?:m = 0.0005. 4,4:;:;“ = 0.00025.

Table E.2: Total pump costs for the four configurations of Experiment 2. The
columns specify the value of the threshold as a percentage of the maximum pump
capacity of the system.

Q costs [%] Upw. costs [%)] Q costs [%] Upw. costs [%)]
7 2.62 72.51 7 22.06 0
20 2.87 73.63 20 14.37 0
50 2.93 77.88 50 7.65 0
(a) ftereze — 0,02 and tmex- = 0.0005. (c) 2222 = 0.06 and s = 0.0005.
Q costs [%] Upw. costs [%] Q costs [%] Upw. costs [%]
7 18.54 0.15 7 2.35 65.64
20 18.77 0.12 20 2.68 58.67
50 12.79 0.29 50 2.70 66.24
(b) j;tyitfn = 0.04 and - = 0.0005. (d) j;tyﬁ = 0.02 and = = 0.00025.

Table E.3: Pump costs and costs due to upward exceedance of the normal op-
erating band as a percentage of the total costs for the four configurations of
Experiment 2. Only the values for the cases with a threshold value of 0% are
shown. Values for the cases with a threshold value of 100% are lead to the same
conclusion.
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