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SUMMARY

OLDERS are low-lying and artificially drained areas surrounded by water storage canals.

In low-lying delta areas such as the Mississippi delta in Louisiana (USA), the Ganges-
Brahmaputra delta (Bangladesh), or the Rhine-Meuse delta (The Netherlands), polders
experience surface water salinization problem due to saline groundwater exfiltration,
which is the upward flow of saline groundwater from the subsurface. A significant in-
crease in surface water salinization is expected globally driven by rising sea levels, lead-
ing to a decreasing freshwater availability. Land subsidence, climate change induced
decrease in precipitation and sea level rise are expected to accelerate salinization of
groundwater and surface water systems. To counteract surface water salinization, fresh-
water diverted from rivers is used for flushing the canals and ditches in coastal areas.
Sustaining freshwater-dependent agriculture in such areas will entail an increased de-
mand for flushing, while the demand of a better water quality will tend to increase. On
the other hand, freshwater usage is not explicitly considered for polder operation and
results in excessive use. Decreasing the amount of freshwater usage for polder flush-
ing can create additional supply opportunities for industrial users, drinking water com-
panies or other irrigation systems. To meet the increasing demand for flushing due to
expected increase of salinization while the freshwater availability is decreasing, new op-
erational designs are required for polders that will use the available freshwater resources
efficiently.

Efficient water management in polders aims to regulate water levels, salinity levels
and the water usage by manipulating the intake and pump flows. In accordance with
that, the control objectives for a polder may be summarized as:

 surface water level needs to stay between predetermined thresholds for safety (al-
ways), demand satisfaction, and keeping groundwater levels in operational limits
for the drainage system,

* salinity level needs to stay below a certain threshold (when necessary) for agricul-
tural and ecological use, and

* freshwater use and pumping cost should be minimized, given the water level and
salinity concentration constraints described above are satisfied.

The relation between these sub-objectives could be conflicting: additional freshwa-
ter from the intakes is necessary to satisfy the salinity level objective, which results in in-
creased usage of freshwater and pump flows. This may result in violations of water levels,
resulting in a complex multi-objective control problem. An advanced control algorithm
for polder flushing to control salinity level and quantity can increase the efficiency of the
system. Model Predictive Control (MPC) is such an optimization-based control strategy,
which makes use of a model of the system controlled to predict the future behavior of
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viii SUMMARY

the system over a finite prediction horizon. The ability of MPC to handle multiple ob-
jectives and constraints makes it an attractive tool for optimal control of water systems.
Therefore, the main research question of this thesis is:

How to apply Model Predictive Control to polder flushing satisfying the con-
straints on water level and salinity concentrations while minimizing the fresh-
water intake?

The research presented in this thesis focuses on control of the surface water system,
which is affected by saline groundwater exfiltration. The open channel system (single
pool or network of channels) consists of freshwater intakes and pumping stations for
drainage of the polder. Using these structures, the salinity and surface water level is con-
trolled by adjusting the flushing and pumping discharges in the system. Polder flushing
is modeled using one dimensional De Saint Venant (SV) and Advection Dispersion (AD)
equations. For saline groundwater exfiltration, existing models and data in the literature
are used for the case study areas.

Chapter 2 analyses the use of linearized SV and AD equations as the internal model
of the MPC for salinity and water level control. Coupling the MPC with a saline ground-
water exfiltration model, three different scenarios are presented using data from two
representative Dutch polders. To minimize the usage of freshwater for flushing, a com-
bination of soft constraints on salinity concentration and flushing discharge are intro-
duced. It is shown that MPC can successfully be used to control salinity and water level
of water courses. A comparison with a fixed flushing strategy, which is very common in
practice, is provided showing the flexibility and advantages of using MPC.

In Chapter 3, control of a real polder network is presented. The MPC formulation
applied in Chapter 2 was limited to the control of channels connected in series. In a real
polder network, multiple channels with different salinity concentrations are connected
with or without hydraulic structures in between. Mixing at the connection nodes, spa-
tial and temporal variation of salinity and nonlinear dynamics of salinity transport has
to be considered in optimization for polder flushing. Therefore, in Chapter 3, a Nonlin-
ear Model Predictive Control (NMPC) is presented and applied to the control of the Lis-
sertocht catchment, Haarlemmermeer Polder, Province of North-Holland, The Nether-
lands. The results showed that the network of canals could not be made sufficiently fresh
with the current intake capacity. A posteriori analysis of the results is used for an update
of the intake capacity of the catchment, and with these proposed capacities, the NMPC
was shown to achieve satisfactory salinity control performance within the constraints of
the network.

MPC uses real time measurements at every control time step to update the current
state of the system. The controller needs to be coupled with a monitoring network (for
salinity and water level measurements) to update the system states in real time for cal-
culation of the optimum control action. Water level in a polder system is kept within
a predefined narrow margin and does not vary too much throughout the polder and
therefore can be monitored easily. On the other hand, the spatial and temporal variation
of salinity can be high and depends on the season of the year, access to flushing water
and distance from salty boils resulting in a requirement of an efficient salinity moni-
toring network. However, considering the economic feasibility, an optimal monitoring
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network is required for the estimation of the salinity states at unmeasured points of in-
terests of the system using the minimum number of sensors. In Chapter 4, an optimal
salinity sensor placement is presented for the Lissertocht catchment. Salinity dynamics
are represented by a low-order Principal Component Analysis (PCA) model and a greedy
algorithm is used for placing minimum number of sensors for reconstructing salinity in
all main channels.

Chapter 5 summarizes the contributions of this thesis and recommendations for fu-
ture research directions that are expected to be important for the real application of MPC
in polder management.






SAMENVATTING

Een polder is een over het algemeen laaggelegen gebied dat omgeven is door één of
meerdere waterkeringen, waarvan het waterpeil kunstmatig beheerst wordt. In delta-
gebieden waar deze polders voorkomen, zoals de Mississippi Delta in Louisiana (Vere-
nigde Staten), de Ganges-Brahmaputra Delta (Bangladesh) of de Rijn-Maas Delta (Ne-
derland), kan zout grondwater naar de oppervlakte stromen en het zoete oppervlakte-
water verzilten. Wereldwijd wordt door de zeespiegelstijging een significante toename
van de verzilting van het zoete oppervlaktewater verwacht. Dit leidt tot een afname van
de beschikbaarheid van zoet water. Bodemdaling, afnemende neerslag als gevolg van
klimaatverandering zullen naar verwachting de verzilting van grond- en oppervlaktewa-
tersystemen verder versnellen. Om het zoute water uit de polders te verwijderen, wordt
zoet water uit rivieren gebruikt om de kanalen, waterlopen en sloten in kustgebieden
door te spoelen. Dit wordt gedaan omdat agrariérs zoet water van voldoende kwaliteit
op het juiste moment nodig hebben om zoetwaterlandbouw te kunnen bedrijven. Bij het
doorspoelen van polders wordt niet expliciet rekening gehouden met het zoetwaterge-
bruik. Om aan de toenemende doorspoeldebieten te voldoen, zijn nieuwe operationele
systemen voor de polders nodig om de totale zoetwaterbehoefte te verminderen.

Efficiént waterbeheer in polders heeft als doel het waterpeil, het zoutgehalte en het
watergebruik te reguleren door de in- en uitlaatstromen te manipuleren. De controle
subdoelstellingen van een polder zijn samen te vatten als:

» oppervlaktewaterpeil moet (altijd) tussen vooraf bepaalde drempels blijven voor
veiligheid en watervoorziening voor gebruik in de landbouw,

 het zoutgehalte moet (indien nodig) onder een bepaalde drempel blijven voor
agrarisch en ecologisch gebruik, en

» zoetwaterverbruik en pompkosten moeten geminimaliseerd worden, terwijl vol-
daan wordt aan (met name) de oppervlaktewaterpeil- en zoutconcentratie-eisen.

De relaties tussen deze subdoelstellingen kunnen tegenstrijdig zijn. Een geavanceerd
algoritme voor polderspoeling om het waterpeil en het zoutgehalte te regelen, kan de
efficiéntie van het systeem verhogen. Model Predictive Control (MPC) is een op opti-
malisatie gebaseerde methode die gebruik maakt van een intern model van het water-
systeem, waarmee optimale regelacties worden berekend over een voorspelhorizon. Het
vermogen van MPC om meerdere doelstellingen en beperkingen aan te kunnen, maakt
het een aantrekkelijk hulpmiddel voor een optimale controle van watersystemen. De
belangrijkste onderzoeksvraag van dit proefschrift is zodoende:

Hoe kan Model Predictive Control toegepast worden bij het efficiént doorspoe-
len van polders, terwijl de oppervlaktewaterpeil- en zoutconcentratie eisen en
zoetwaterverbruik geminimaliseerd worden?

xi
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Het onderzoek in dit proefschrift richt zich op de beheersing van het oppervlakte-
watersysteem. Het open kanaalsysteem bestaat uit zoetwaterinlaten en pompstations.
Deze structuren worden gemanipuleerd om het waterpeil en het zoutgehalte te beheer-
sen. Polder doorspoelen wordt numeriek gemodelleerd met De Saint Venant (SV) en
Advection Dispersion (AD) vergelijkingen.

Hoofdstuk 2 toont resultaten van simulaties die gelineariseerde SV- en AD-vergelijkingen
gebruiken als het interne model van de MPC. We tonen resultaten van drie scenario’s. We
gebruiken verziltingsgegevens uit twee Nederlandse polders. Het gebruik van zoet water
wordt geminimaliseerd met behulp van de MPC. In dit hoofdstuk wordt de flexibiliteit
en voordelen van het gebruik van MPC gedemonstreerd.

Hoofdstuk 3 toont de resultaten van simulaties van de besturing van een echt pol-
dernetwerk. In de polder is het mengen van zout water in de verbindingsknooppunten
belangrijk. Bovendien wordt de ruimtelijke en temporele variatie van het zoutgehalte
gemodelleerd. Dit hoofdstuk presenteert nieuwe methode, genaamd een Nonlinear Mo-
del Predictive Control (NMPC). We passen de methode toe in het stroomgebied van de
Lissertocht, dat een peilvak is in het zuiden van de Haarlemmermeer Polder, Provincie
Noord-Holland, Nederland. De resultaten laten zien dat de capaciteit van het systeem
niet voldoende is. Na een aanpassing van het ontwerp voor de innames bestuurt NMPC
de polder echter met bevredigende prestaties.

MPC gebruikt real-time metingen bij elke controletijdstap om de huidige status van
het systeem bij te werken. Daarom heeft het een meetnetwerk nodig voor metingen van
zoutgehalte en waterpeil. Het waterpeil in een polder varieert niet te veel en is daarom
gemakkelijk te meten. De ruimtelijke en temporele variatie van het zoutgehalte kan ech-
ter hoog zijn. Het hangt af van het seizoen van het jaar, toegang tot zoet water en afstand
tot zoute wellen. Zodoende is een optimaal meetnetwerk nodig om het zoutgehalte in
de polder goed in te schatten. Hoofdstuk 4 laat de optimale plaatsing van de zoutwa-
ter sensoren voor het Lissertocht zien. We gebruiken een Principal Component Analysis
(PCA)-model (een multivariate analysemethode in de statistiek om een grote hoeveel-
heid gegevens te beschrijven met een kleiner aantal relevante grootheden, de principale
componenten ) en een Greedy Algorithm (een algoritme dat probleemoplossende heu-
ristieken volgt om in elke fase de lokaal optimale keuze te maken) om de sensoren op-
timaal te plaatsen. Met behulp van het PCA-model plaatsen we een minimaal aantal
sensoren waarmee het zoutgehalte in alle hoofdkanalen van een polder voldoende kan
worden gereprocudeerd.

Hoofdstuk 5 worden de conclusies van dit proefschrift gepresenteerd. Het bevat bo-
vendien aanbevelingen voor toekomstige onderzoeksrichtingen die belangrijk zijn voor
de toepassing van MPC op polders.
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INTRODUCTION

Science is the only true guide in life.

Mustafa Kemal Atatiirk

This thesis is concerned with the optimal control of salinity and water level in low-lying
delta areas by explicitly considering freshwater use. Here, the motivation of the thesis and

the optimal control problem applied to polder flushing is described and followed by the
research objectives.



2 1. INTRODUCTION

1.1. SALINIZATION PROBLEM IN LOW-LYING DELTA AREAS

ORE than 35% of the world’s population lives within 100 km of the coast [1], having
M access to transport connections, fish stocks and fertile inlands [2]. Fresh ground-
water resources in these areas are mostly the main source for domestic, industrial and
agricultural use. Due to growing populations, increasing food demands and economic
development, freshwater consumption is expected to increase [3]. The total water con-
sumption for agriculture purposes, which has around 70 % share in total freshwater de-
mand, is expected to increase by more than half by 2090s [4]. In coastal areas, unless
properly managed, this increase will cause over-exploitation of aquifers and saliniza-
tion of extraction wells [5]. Due to the artificial drainage, groundwater table lowering
causes an upward flow of brackish and nutrient rich groundwater adversely affecting
the surface water quality [6]. Moreover, the river discharges delivering freshwater to
coastal areas will likely to decrease due to climate change induced decrease in precip-
itation patterns [7] and increased water demand for agriculture, both locally and up-
stream [8]. In low-lying delta areas such as the Mississippi delta in Louisiana (USA),
the Ganges-Brahmaputra delta (Bangladesh), and the Rhine-Meuse delta (Netherlands)
[9-13], saline groundwater will increasingly move towards the ground surface and exfil-
trate to the surface water system [14] resulting in salinization. Land subsidence, climate
change and sea level rise accelerate salinization [12].

To counteract surface water salinization, freshwater diverted from rivers is used for
flushing the canals and ditches in coastal irrigation networks. However, decreasing fresh-
water availability [8] and expected increase of surface water salinization [12, 14] will force
water managers to reconsider the current water management practice in polders facing
salinization; they will likely aim to minimize the intake of diverted river water for flush-
ing. In The Netherlands, the locations where the largest saline groundwater exfiltration,
which is the upward flow of saline groundwater from the subsurface to surface water,
occur in low-lying polders [15]. Nowadays, freshwater from the rivers Rhine and Meuse
is used for flushing these polders during agricultural growing seasons, with about 15% of
the total freshwater supply in The Netherlands [16]. Increasing the efficiency of flushing
is regarded as a promising way to decrease surface water demand in [17], where the im-
portance of water management in polders is highlighted. Therefore, the main objective
of this thesis is how to apply Model Predictive Control to polder flushing satisfying the
constraints on water level and salinity concentrations while minimizing the freshwater
intake? The research presented in this thesis uses real-world data of two representative
Dutch polders as case studies. The methodologies developed are not case specific and
are therefore also relevant to low-lying delta areas around the world.

1.2. POLDERS AND SALINE GROUNDWATER EXFILTRATION

Polders are low-lying and artificially drained areas surrounded by water storage canals
(Fig. 1.1). Although The Netherlands is associated with polders (totaling around 4000
nationwide [18]), polders are found in coastal areas across the world [19]. Elevations of
polders are generally below the surrounding area resulting in a necessity for continuous
drainage of excess water using a dense network of water canals or ditches in the polder
[19]. Dominant land use in polders is mostly agriculture. Accumulated storm water in
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Figure 1.1: Schematic overview of a polder system (Adapted from [19])

the polder is transported to the pumping station and is pumped out of the polder onto
the surrounding water storage canals (the so-called boezems). Water storage canals are
used for providing extra freshwater during dry periods to replenish precipitation deficits,
and for creating storage space for the surplus water from polders during wet periods.
Water levels in polders and surrounding water storage canals are maintained within a
given narrow margin so that the groundwater levels in the polders are kept close to a
target level, to avoid dike failures in water storage canals and to prevent acceleration of
land subsidence [20]. Deep polders experience a significant groundwater inflow, gen-
erally over the entire season in the same order of magnitude as the precipitation sur-
plus [21]. Saline groundwater exfiltration threatens agricultural activities and the fresh-
water ecosystem in the polders by salinization of the surface water used for irrigation.
Additional freshwater from the water storage canals is supplied to the polders that are
experiencing water quality problem due to the saline groundwater exfiltration. In this
way, salinity concentration levels in the ditches and canals of the polder are diluted and
flushed out of the system using the pumping stations at the downstream end of the pold-
ers.

In the coastal zone of The Netherlands, exfiltration of brackish to saline groundwater
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is the main input of salt to the surface water in polder systems [21, 22]. Three different
sources of saline groundwater exfiltration are considered in this thesis as defined in [23]:
ditch and drain exfiltration and boils. Boils are the small vents directly connecting the
deep aquifer with the surface water. They are the dominant source of salinity in some
of the deep polders in The Netherlands [22]. Concentration and discharge of the boils
is rather constant since the groundwater head and the surface water level do not vary
much. Other sources of salt in deep polders are the groundwater flows through pale-
ochannel (i.e. drain exfiltration (also called drainage)) and diffuse (i.e. ditch exfiltration)
seepage [22]. The salinity concentrations of these latter two sources, viz. ditch and drain
exfiltration, are location specific and depend on the depth of the interface between fresh
and saline groundwater.

1.3. CONTROL OF WATER SYSTEMS

Water systems are managed for different objectives such as maintaining water levels in
ariver or a canal for shipping or flood protection, reservoir management for energy pro-
duction or supplying water for irrigation or drinking water supply. To manage and real-
locate water resources, hydraulic structures like weirs, gates and pumps are constructed
in many water systems. Over the last decades, automatic control of these structures has
been extensively studied using different control techniques. There are two classical con-
trol approaches used for operational water management: feedback control and feedfor-
ward control (see also Figure 1.2).

Output
a)  Input System utpu b) Disturbance
Disturbance Input Output
Feedforward System EE—
—
_ Target
Feedback
Target
Disturbance
c)
Disturbance
N Input Output
Feedforward System
—» +
Target
Feedback ¥ Target

Figure 1.2: Classical control approaches. a) Feedback control, b) Feedforward control, ¢) Combined feedfor-
ward and feedback control.

Feedback Control
Feedback controllers measure the system output (controlled variable) and compare
it with the target level to compute the control action to counter the error (Figure 1.2-(a)).
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A feedback controller constantly corrects the error between the measured and target val-
ues of the controlled variable. For this reason, it is known as the closed loop control (as
depicted in the closed feedback loop of Figure 1.2-(a)). Application of feedback con-
trollers on water systems have many examples such as water level and flow control in
canals [24-28], aquifer management [29], water delivery in water distribution systems
[30] and control of water quality in water distribution systems [31, 32]. Feedback con-
trollers can be robust to a certain types of uncertainties (i.e. the system states will not
deviate much from set points if the errors are within a certain range). On the other hand,
feedback controllers are reactive and cannot anticipate the delayed deviations in mea-
sured variables from current disturbances resulting in time delays. For example, a typical
water level feedback control is a downstream water level control, where the upstream
structure setting is adjusted according to the downstream water level. For this kind of
control, although an adjustment will be made immediately reacting to an error in the
water level, the actual effect on the downstream water level can be delayed.

Feedforward Control

Feedforward controllers on the other hand allow the use of measurements or predic-
tion of the disturbances before they enter the system, and use this information to take
corrective action to counter the future influence of the disturbances on the system [33]
(Figure 1.2-(b)). Using an inverse model of the disturbance on the system, feedforward
controllers compute the adjustments on the control inputs [28]. Some of the applica-
tions in water systems include: downstream feedback water level control for open canals
[27, 34] and feedback control of irrigation canals [35]. Since the controller uses a predic-
tion of the disturbances, the control action is calculated and implemented in advance.
However, as the inverse model used for disturbance prediction is usually not accurate,
the adjustments made to the control structures cannot guarantee reaching the reference
level.

Ideally, a combination of feedforward and feedback controllers (Figure 1.2-(c)) can
be used to compensate the limitations of each one [28]. These controllers are easy to
tune, and practical to use for simple single input single output systems [36]. However,
in the operation of most of the water systems, multiple objectives have to be met simul-
taneously, which may be conflicting with each other. Moreover, there are physical con-
straints of the system such as the maximum capacity of intake or pump or operational
constraints like the minimum flow required to be released from a reservoir for environ-
mental flows, which cannot be handled by classical feedback or feedforward controllers.
Therefore, a more advanced control method is necessary for more complex water man-
agement problems, such as the integrated water quality and quantity control in polders
considered in this thesis.

1.4. MODEL PREDICTIVE CONTROL

Model Predictive Control (MPC) is an advanced control strategy that originated in the
late seventies and has since been developed and used in different industries [37]. MPC
is an optimization-based control strategy, which makes use of a model of the system
controlled to predict the future behavior of the system over a finite prediction horizon
[37]. MPC combines feedback control on the measured controlled states, which can be
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Figure 1.3: Structure diagram of model predictive control of an actual system [28]

seen in Figure 1.3 as the difference between the present output of the actual system and
the present and future desired set points and feedforward control on the predicted dis-
turbances in a repetitive optimization process that also takes constraints of the system
into account [28]. As can be seen in Figure 1.3, MPC includes several components such
as an internal model, objective function, constraints and optimization.

The internal model in MPC is the representation of the real system and it is used to
predict the future states of the system. As an input, the internal model uses the present
and future disturbances and the present and future inputs (control actions) calculated
by the optimization that optimizes the objective function subject to the system states
and the constraints. The outputs of the internal model are the present and future sys-
tem outputs (states) (Figure 1.3). Accuracy of the internal model directly influences the
control performance and a trade off exists between model accuracy and computational
efficiency. The actual water systems controlled are nonlinear and the system dynam-
ics are represented with nonlinear partial differential equations such as De Saint Venant
equations for water transport in open channels. For certain MPC applications, required
accuracy of the internal model can be achieved by using linear approximations of sys-
tem dynamics, such as an Integrator Delay (ID) [25] model used for water level control
in long canals [28]. MPC with a linear internal model can be categorized as a linear MPC
and has been applied to water resources management problems such as irrigation and
drainage system control [28, 38, 39], flood defence [40-42], water quality and quantity
control [43, 44] and reservoir management [45, 46]. Linearized and discretized versions
of the non-linear governing equations describing the dynamics of the actual water sys-
tem can also be used as the internal model. This kind of internal models are applicable
for processes that remain around a fixed operating point, which allows linearization of
the process model and thus the application of linear MPC [47] as described in Chapter 2
of this thesis for optimal salinity and water level control of water courses. On the other
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hand, for some water systems, the required accuracy for control calculation cannot be
obtained by using linear internal models due to the nonlinearities in the system. As an
alternative, governing nonlinear differential equations can be used as the internal model
resulting in to a nonlinear MPC (NMPC) formulation. In Chapter 3, a NMPC scheme is
used to control salinity and water level of a real polder network.

In most MPC applications, the objective function is usually a quadratic cost function,
as also formulated in this thesis in Chapters 2 and 3. Combined with a linear internal
model, the optimal control problem can be solved by using a Quadratic Programming
(QP) algorithm [28]. On the other hand, if a nonlinear internal model is used, as in Chap-
ter 3, the optimal control problem becomes a Nonlinear Programming (NLP) problem,
which has to be solved using a nonlinear optimization solver.

At each control time step, k, MPC solves the following optimal control problem over
the prediction horizon N:

Nyl
(@ %) minJ~ B Flek™i71), ulk™ ) 1.1
1
subject to

Initial conditions

x(k) (1.2)
System dynamics

x(l) ™ glx(k i D, ulk),d(k)) (1.3)
Physical and operational constraints

c(x(k), u(k)) =0 (1.4)

where u ™ {u(k),...,u(k” Nj i 1)} is a control input sequence, which we can ma-
nipulate to bring the system to the state X~ {x(k 1),...,x(k Np)}; u(k) 2 R™ is the
control variable at time k, x(k) 2 R"~ is the state vector at time k and d(k) 2 R" is the
disturbance vector at time step k where n,, ny, and n; represent the number of control
inputs, states and disturbances, respectively. The optimal control signal, @, minimizes
the objective function, f(¢), givenin (1.1), to bring the system to the desired state X sub-
ject to the initial conditions (1.2), system dynamics (1.3) and physical and operational
constraints (1.4).

System dynamics, g(¢), given in (1.3) represents the internal model in MPC as de-
picted in Figure 1.3. Constraints, c(¢), represent the physical and operational limitations
on the controlled system. The optimization calculates the optimal control signal con-
sidering the constraints of the system. Some constraints are not allowed to be violated
because of physical limitations such as maximum pump or intake capacity. These con-
straints are called the hard constraints. On the other hand, soft constraints are not that
rigid and can be violated if necessary. For example, the salinity concentration at a certain
time can be higher than the required threshold and can be violated. In this thesis, we use
combinations of soft and hard constraints for water levels, salinity concentrations and
intake and pump capacities to find the optimal solutions in Chapters 2 and 3.
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In the closed loop application of MPC depicted in Figure 1.3, at time step, k, the pro-
cedure starts with taking measurements or estimates of the states, x(k), and the predic-

tion of the disturbances, {d}z N over the prediction horizon. Then the optimal control
problem given in the equations (1.1)-(1.4) are solved and the optimal control signal, a” is
obtained. Only the first control action, u(k), is implemented until the next control time
step when new measurements are available. At the next time step, k= 1, the horizon
is shifted and the optimal control problem is solved again using the updated measure-
ments and predictions (Figure 1.4). For this reason, MPC is also known in literature [37]
as receding horizon control.
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Figure 1.4: Receding horizon strategy of MPC

1.5. MONITORING AND MODEL PREDICTIVE CONTROL OF WA-

TER QUANTITY AND QUALITY

Both water quantity and quality are influenced by the natural conditions such as climate,
geography, topography, and geology, and human activities [48]. Water quantity control
of water systems can be formulated by keeping the water levels around the set points.
Disturbance flows, inflow or outflow from the water system, will cause the water level
to drift from the set points, which will be corrected by the controller.Using water level
measurements to control and manage water quantity including flood and drought man-
agement, MPC has been widely used for canals [49-51], rivers and deltas [40, 52, 53] and
reservoir operations [54-56].

To control both water quality and quantity, Xu et al. [43, 44], applied MPC on open
channels (connected in series). In their discussion, excessive use of freshwater for flush-
ing was pointed out as an important topic for further research. MPC formulations pre-
sented by Xu et al. [43, 44], considered a simple reservoir model for average salinity
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and a simple low order model as the internal models for water quality. Using virtual
salinity exfiltration scenarios, they illustrated the first successful applications of MPC
for integrated water quality and quantity control applied to open channels. However, a
need still exits for the development of MPC schemes for controlling real polder networks
experiencing saline groundwater exfiltration. Different sources of saline groundwater
exfiltration combined with the nonlinear looped dynamics of salinity transport in the
polder networks require modeling the polder flushing processes using physically-based
network models. A network model for salinity and water transport coupled with saline
groundwater exfiltration models can improve the accuracy of predictions and optimal
control actions calculated by MPC that will also minimize the freshwater usage for flush-
ing.

An important component of MPC are the measurements that are used to update the
system states at every control time step. To control salinity and water level in a polder
network, water level and salinity sensors have to be placed efficiently to monitor the
system state with the required precision. Water level in a polder system is kept within a
predefined narrow margin and does not vary too much throughout the polder and there-
fore can be monitored easily. On the other hand, where and how to measure salinity is an
open research question. Recent advances for monitoring salinity make the application
of advanced control methods like MPC possible. To measure salinity, Electrical Con-
ductivity (EC) is a surrogate measure, which can be converted to the dissolved salinity
concentration in water. For example, a CDT-diver (Conductivity - Depth - Temperature)
together with a wireless connection allows a real time profiling of EC measurements that
can be used to update the salinity states of the water system. Using the real time mea-
surements of salinity, MPC schemes can optimize the operation of control structures
while satisfying the constraints of the system. However, considering spatial and tempo-
ral variability of salinity in polders, an efficient placement of sensors is necessary. Using
the salinity measurements of a minimum number of sensors that are optimally placed
in the polder, salinity states at all locations of interest can be updated and used by the
MPC for optimal control.
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1.6. RESEARCH QUESTIONS AND THESIS OUTLINE

Globally, low-lying deltas are under stress due to rising sea levels and decreasing fresh-
water availability. As a result of these stresses, triggered by the saline groundwater exfil-
tration, surface water salinization is expected to increase in these areas. As a common
practice, freshwater diverted from the rivers is used for flushing the canals and ditches in
coastal areas to overcome the salinization problem. To meet the increased demand for
flushing in these areas, new operational designs are required that will reduce the need
for diverted freshwater. Due to the expected freshwater availability deficits, decreasing
the total amount of freshwater used for flushing becomes more important for the sus-
tainable operation of low-lying polders. For a real polder network, open research ques-
tions on “how to optimally monitor and control salinity?” exists and has to be addressed.
Therefore, in this thesis we focus on monitoring and control of a real low-lying polder
with a problem of salinization of the surface water system. We aim to better understand
and control the surface water salinity and quantity in low-lying polder networks using
Model Predictive Control by explicitly considering the amount of freshwater used. This
thesis aims to answer the main research question:

How to apply Model Predictive Control to polder flushing satisfying the con-
straints on water level and salinity concentrations while minimizing the fresh-
water intake?

Using tools of modeling and optimization, the following sub-questions are answered:

* Chapter 2: Can physically-based model as the internal model of a Model Predic-
tive Control scheme be used effectively and computationally feasibly for real time
control of the the salinity and water level of polders??

* Chapter 2: Can excessive use of freshwater (over-flushing) be avoided by using
Model Predictive Control?

e Chapter 3: How to model and control the flushing of a real polder network using
Model Predictive Control?

e Chapter 3: Can the results of Model Predictive Control be combined with system
characteristics and used for updating the surface water system for better control
performance?

* Chapter 4: Can a Principal Component Analysis based model be used to represent
the salinity dynamics in a polder network and be used for salinity sensor place-
ment optimization?

* Chapter 4: What is the optimal placement of salinity sensors for estimating un-
measured salinity levels in a real polder network?

Finally, Chapter 5 summarizes the contributions of this thesis and provides an out-
look for future research.
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In this chapter, we demonstrate a Model Predictive Control (MPC) scheme to control salin-
ity and water levels in a water course while minimizing freshwater usage. A state space de-
scription of the discretized De Saint Venant and Advection-Dispersion equations for wa-
ter and salt transport, respectively, is used as the internal model of the controller. The
developed MPC scheme is tested using groundwater exfiltration data from two different
representative Dutch polders. The tests demonstrate that water levels and salinity concen-
trations can successfully be controlled within set limits while minimizing the freshwater
used.
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12 2. OPTIMAL SALINITY AND WATER LEVEL CONTROL OF WATER COURSES

2.1. INTRODUCTION

Efficient water management in polders is a challenging process since the water level
should be kept within a narrow margin while the saline groundwater exfiltration trig-
gers the salinization problem and deteriorates the water quality. Saline groundwater
exfiltrates to the ditches through boils (direct pathways between deep saline aquifer and
the surface water), drains (exfiltration of shallow phreatic groundwater) and through dif-
fusive seepage directly below the ditches [22, 23]. When the salinity level in the polder
ditch exceeds a certain threshold, to maintain acceptable surface water quality, freshwa-
ter is introduced through the upstream structure of the ditch to flush the surface water
system. However, current practice of salinity control in polders generally involves con-
stant flushing during the growing season, manually opening the inlet culverts at the start
and closing them at the end of the growing season [19]. Water level control is achieved by
the operation of a pumping station, responding to water level measurements. Flushing
is generally not considered in operation and this results in excess use of freshwater and
unnecessary pumping.

In this chapter, we demonstrate a Model Predictive Control (MPC) scheme for opti-
mal operation of a water course or called here test polder ditch (Figure 2.2) for flushing
by explicitly considering freshwater conservation. The focus of our research is to find a
solution for supplying the available freshwater resources in a more efficient way for real
polders. To the best knowledge of the authors, previous studies controlling water level
and water quality did not consider the amount of freshwater supply. Xu et al., [43, 44]
merely mentioned over-flushing as an important topic in their discussion. Therefore, in
this study we proposed a solution to this problem by introducing an additional control
objective as the minimization of freshwater use and demonstrated how much freshwa-
ter can be saved if flushing is done only when it is necessary. Another novelty of this
chapter is using physically-based models in real time control, as opposed to low order
numerical models derived using proper orthogonal decomposition (POD). We employed
the discretized Saint Venant (SV) and advection dispersion (AD) equations as the inter-
nal model of the real time controller. Finally, we coupled an exfiltration model with the
controller to deal with real exfiltration scenarios driven by real precipitation and hydro-
logical data instead of using arbitrary exfiltration flux and concentration. All these three
aspects of this chapter are important steps for application of the developed MPC scheme
to areal polder system in a follow-up research.

An internal model employed a coarse discretization of SV and AD equations. A de-
tailed