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Chapter 1

Introduction

Nowadays, the lack of control systems in Urban drainage (UD) is affecting day
life in urban areas where the amount of construction sites finds itself in a con-
stant growth behavior; such behavior combined with the fact that rain episodes
are also increasing due to climate change causes the rise in surface water run-
off because of insufficient natural infiltration [4], [5]. This approach shows the
possible benefits of implementing RTC in UDS.

A multi-objective GA evaluates the amount of water that can be stored in
the tanks taking into account the dynamics of the network, and the cost of
implementing the tanks, the process is performed offline since it takes a consid-
erable time to compute. The proposed RTC methods consist in GS-MPC and
LPV-MPC, both methods are model dependent, this means that the sewage net-
work that is going to be treated needs to be modeled first. In order to perform
such task the Environmental Protection Agency (EPA) Storm Water Manage-
ment Model (SWMM) software was combined with MATLAB to perform data
analysis based on information gathered from simulation results.

Modeling UDS is not a trivial task, UDS are known to have extremely non-
linear dynamics [6], it occurs that when a linearization is performed on a non
linear system it will behave differently depending on the operation point, taking
into account that this case corresponds to such statements, several models were
obtained in order to perform RTC. Model based control techniques are suitable
to UDS, in this manner the control system can tell whether a flooding event is
going to take place anytime soon.

The advantages of using several linear models to describe the non-linear sys-
tem are as follows:

• Obtaining lineal models is far easier than non-lineal models based in data.
• When applying MPC to a lineal system it can be guarantied that the

optimization problem associated to the control law is convex hence guarantying
a global minimum for the optimization problem (OP).
• Having a lineal convex OP means less computational cost and computing
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time to find a solution, this results beneficial specially for real time applications.

Taking into account the previously mentioned advantages of using linear
models to describe non-lineal systems it is of great interest to use such models
to perform Gain scheduled and Linear Parametric Varying techniques. These
techniques allows us to decompose a non-lineal controller designing a finite num-
ber of lineal controllers linearizing the system around several operating points
using measurable signals. The objective of the current approach is to show
the differences in using GS-MPC and LPV-MPC applied to UDS in order to
minimize flooding.

The sections of this paper are organized as follows: Section II of this paper
discuss the preparation of the sewage network regarding the optimal location
for release tanks, section III describes an overview regarding Model Predictive
Control, section IV describes the basics of the control techniques that were
used in the system. Finally section V presents the case study of the Chicó Sur
Network, the test bed and the way it was modeled, section VI concludes the
work.
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Chapter 2

Preparation of the Sewage
Network

In order to reduce the flooding in a given sewage network, it needs to be prepared
first, this approach takes the proposed architecture in figure 1. where a storage
tank is located parallel to the main network. The dilemma comes when putting
the tanks in the network, this is because there are many possible locations. The
strategy to locate optimally a set of tanks consisted in a Multi-objective Genetic
Algorithm based in Non-dominated Sorting in Genetic Algorithms (NSGA)[7]
that took into account the costs of implementing a given tank and the possible
amount of flooding that could be prevented.

Figure 2.1: Basic Architecture for release Tank
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The Algorithm is based in the minimization function described as follows.

minF (u) = [objective1(u), objective2(u)] (2.1)

objective1(u) =

t∑
0

i∑
1

fi,t (2.2)

objective2(u) =

j∑
1

Cj (2.3)

s.t.

fεR (2.4)

CεR (2.5)

0 < u < 1 (2.6)

Where fi,t is the flooding in the node i at the time t, Cj is the cost of
implementing the tank j in the sewage network, and u is the control action
corresponding to the opening percentage of the valves in the network.

fi,t is a parameter obtained from the network simulation in SWMM trough
the toolbox that communicates with MATLAB; the value depends on the valves
percentage of aperture that are stored in the vector of states u.

The cost of implementing the tank j (Cj) is subject to the fact of the tank
taking a impact on the total flooding. The following conditions are presented:

{
uj < 0.01→ Cj = 0

{
uj > 0.01→ Cj = V olj ∗ Cexm3 + Cv(d) ∗ 3

Where uj is the aperture percentage of the inlet valve corresponding to the
tank j, V olj corresponds to the volume of the tank j, Cexm3 is the excavation
cost per cubic meter in the city of Bogotá and Cv(d) is the cost of a valve de-
pending on its diameter d.
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The algorithm computes the optimization problem (OP) mutating the in-
puts in x corresponding to the aperture percentage of the valves. It evolves a
population composed by different solutions of the OP using an iterative stochas-
tic procedure that uses selection, recombination, and mutation. Unlike exact
methods that would require linearization of the system or inverting matrices, a
GA requires only a fitness function that measures the performance of an indi-
vidual based in the result of the OP (2.1).

The first population is generated randomly by default (P0(size = N), Q0(size =
N)) taking into account the constraints, the next generation is then computed
based in the non-dominant rank and a distance measure of the individuals in the
current generation. An individual is said to dominate another if the objective
functions of it is no worse than the other and at least in one of its objective
functions it is better than the other.

Each individual is assigned with a non-dominant rank using the relative fit-
ness. Two individuals ′p′ and ′q′ have equal ranks when neither one of them
dominates the other. In the case that two individuals have the same rank a
measure distance is implemented to compare them, this measure determines
how far is an individual from others with the same rank. The process can be
appreciated in figure 2.

Figure 2.2: NSGA-II procedure, taken from [1]

The population Rt is formed by Pt ∪ Qt (with size= 2N), Rt is sorted
according to non-dominant ranks. The best solutions correspond to the non-
dominated set F1 if the size of F1 is not enough to fit N then we continue to
use F2 and F3 to form the population Pt+1, the remaining sets are disposed
off. This process repeats until there are no more sets to accommodate. The
algorithm shows its results with a pareto front that shows the values of the
evaluated fitness function taking into account the most significant computed
populations.
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Chapter 3

Model Predictive Control

MPC has been used largely in UDS, recent approaches include [8] where the
authors use the technique in order to reduce overflow in a system conformed by
four catchments located in Bogotá. In [9] similar objectives are met and applied
in a Québec UDS where they use tunnels to reduce overflow in the system, [10]
uses the technique including pump stations as variables to be controlled in the
north of the Netherlands, in the same network [11] treats an extention of the
technique implementing Non linear MPC.

The reason that MPC is so used in UDS consists in the fact that it can pre-
dict the system response based in a mathematical model that describes it taking
into account the predicted outputs of the system, MPC generates a sequence
of future actions in a given prediction horizon commonly known as receding
horizon (figure 3), such actions are known as the control law u(t) [12] in charge
of minimizing a cost function.

The state space model that describes a linear MPC is formulated as follows:

x(t+ 1) = Ax(t) +Bu(t) (3.1)

y(t) = Cx(t) (3.2)

where x(t)εRn is a column vector that represents the n system states, u(t)εRm

is the vector that contains the control inputs of m actuators and the vector y
corresponds to the outputs of the system. Matrices A, B and C contain the
coefficients that correspond to each column vector.

MPC is more than a control technique: it is a set of control methodologies
that use a mathematical model of the considered system in order to compute
the control actions required to minimize a cost function. This function is con-
structed by merging selected indexes related to system performance[12], it can
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Figure 3.1: Receding Horizon, adapted from [2]

be express as a quadratic function of the form

J(x, u) =

tr∑
j=1

‖x̂(t+ j|t)‖2Q +

tr−1∑
j=0

‖û(t+ j|t)‖2R (3.3)

where it can be established that by estimating or knowing the state x(t),
x̂(t + j|t) and û(t + j|t) represent the prediction of the state x(t + i) and the
input u(t + i). The prediction horizon corresponds to tr while the matrices P
and Q are positive semi-definite and matrix R is positive definite. The control
sequence u is given by:

u = [û(t|t)>, û(t+ 1|t)>, . . . , û(t+ tr − 1|t)>]> (3.4)

which is used to find the optimal sequence u∗ that solves the optimization
problem formulated as:

min
u
J(x, u) (3.5)

s.t.
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x(t+ 1) = Ax(t) +Bu(t)

x(0) = x(t)

x(t)εX, u(t)εU , t = 0, . . . , tr − 1

The sets X and U depend on the restrictions that u(t) and x(t) could have.
They correspond to the values that the system sates and the inputs can take.
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Chapter 4

Gain Scheduling and Linear
Parametric Varying Control
Systems

Recent approaches focusing in such techniques include [13], [14] and discussing
UDS specifically [3] where the authors model a portion of the Barcelona sewage
system based in the virtual tanks approach and then implement LPV-MPC,
their results did not show a significant improvement compared to a linear MPC
controller, although this could be because of the modeling technique that took
place since it reduces significantly the non-linearity of the system.

Based on the previous information it is of great interest to use the advantages
of a better modeling technique 5 combined with MPC for nonlinear systems such
as LPV and GS, this allows us not lo lose much information regarding the sys-
tem dynamics due to the use of a single linear model.

4.0.1 Gain Scheduling - MPC

The proposed technique is implemented in water systems in [15]. It basically
combines both techniques, the first (GS) consists of the usage of a finite num-
ber of linear controllers, in this case MPC, the assignment of such controllers
depends on an endogenous variable known as a scheduling variable [16].

Based in [17] a GS controller design for a nonlinear system can be described
using the following steps:

1. Linearize the nonlinear model within a family of operating (equilibrium)
points.

19



2. Design a parametrized family of linear controllers to achieve the specified
performance at each operating point.

3. Build a GS controller such that:

• The closed-loop system under the gain-scheduled controller has the same
equilibrium point as the closed-loop system under the fixed-gain controller.
• The linearization of the closed-loop system under the gain-scheduled con-
troller and under the fixed-gain controller are equivalent.

4. Check the non-local performance of the GS controller.

After defining the operation points for vector σ which contains the schedul-
ing variables, the linear models around such points can be obtained and generate
a finite number of linear models with the following structure:

ẋ(t) = Ac(σ)x(t) +Bc(σ)u(t) (4.1)

y(t) = Cc(σ)x(t) +Dc(σ)u(t) (4.2)

Ac, Bc, Cc and Dc are the linear state space representations of the system
and depend on the value of σ in every time step. Taking these models into
discrete time the next representations are obtained:

x(t+ 1) = Ad(σ)x(t) +Bd(σ)u(t) (4.3)

y(t) = Cd(σ)x(t) +Dd(σ)u(t) (4.4)

A way to assign these models could be to measure the system scheduling
variables contained in σ and evaluate them at each time instant σt. A better
way is to know before hand the most common operating points in the system
and implement models only for such cases, a data base with too many models
may turn out to be to hard to handle.

4.0.2 Linear-Parametric Varying MPC

The LPV systems differs in two main characteristics from GS, the first is that
instead of having a database of different models obtained trough certain operat-
ing points LPV obtains the models in real time, the issue with doing so is that
if the system to be treated is being modeled taking a computing time larger
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than the sampling then the controller is not going to make any effect in the
system on time. An alternative when this occurs is that the modeling process is
implemented at non consecutive time steps giving enough time for the controller
to take actions regarding the proposed model.
Another approach is to have the system represented as a non-linear model and
linearize such model taking into account the scheduling variable.

The other big difference regarding GS is the scheduling variable σ. Unlike
GS, for LPV it corresponds to an exogenous variable [16], in the case of UDS rain
disturbances can be used, this approach can prove useful since it could provide
with more time to take an effect in the system variables, therefore being able to
anticipate better control actions.

The LPV-MPV technique can be represented using the following steps [3]

1. Measure (or estimate) the current values of the scheduling variables σ(t).

2. Generate a linearized model of the system around σ(t)

3. Based on the generated linear model, design a linear MPC controller and
apply the optimal control law to the system.

The main differences between the two techniques reside in choosing the
model to implement the control based in different scheduling variables in a
modified MPC closed loop see 4.0.2, where a block called linear model genera-
tor differs from one another see 4.0.2

Figure 4.1: Modified closed loop for MPC, adapted from [3]
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Figure 4.2: Linear model generator for real time control, adapted from [3]
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Chapter 5

The ”Chicó sur” Network
case study

The chosen network to test the previously discussed control techniques is a part
of the Chicó sewage network, it is conformed by 570 nodes or manholes and 514
links or pipes covering a total area of 2.15Km2 in the north of Bogotá. Taking
into account section 2 of this paper the network was modified by adding 6 tanks
each one with three controllable valves 2.1, using that architecture as reference
the control systems were tested first in a test bed system.

In order to be able to perform the desired control techniques a mathematical
model that represents the system is required, several methods to obtain such
model were studied including (control oriented) virtual tanks in [18], the musk-
ingum approach [19], and more specific ones like the proposed by the author in
[20]; on the other hand (data driven) fuzzy based models in [21] and [22]. Even
though [20] was deeply considered it turned out to be far to complex to be used
in such a large network like the Chicó Sur. The next Muskingum based method
was used:

The muskingum method is based on defining every link of a sewage network
as a tank whose dynamics correspond to the next set of equations:

dV

dt
= qin − qout (5.1)

where qin represents the inflow rate in a given link, qout is the outflow rate
and V is the storage. The expression is then adapted to the Muskingum method
as follows:

V = k(x ∗ qin(t) + (1− x) ∗ qout(t)) (5.2)

where k and x represent the storage parameters of the new ”tank”. Solving
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equation 5.2 for qout and simplifying constants we obtain:

V = Aqin +Bqout

qout =
V −Aqin

B
(5.3)

A general state space representation for a Muskingum link can be stated
with equation 5.5

V̇ = qin − qout (5.4)

Replacing 5.3 in 5.4 we obtain

V̇ = qin −
V

B
+
Aqin
B

V̇ =

(
B +A

B

)
qin −

V

B

and transforming

V

qin
=
A+B

Bs+ 1
(5.5)

After obtaining the values A and B for every link in the network a state
space model for the system is constructed as follows:

The next representation corresponds to two links in series with divergence.

V̇ =


−Dt
B1

0

Dt(A2 +B2)

B2B1

−Dt
B2

V +

 Dt ∗ λ (A1 +B1)

B1
−Dt(A2 +B2)

B2
∗ A1

B1

 qin
The global control law determines the references (set points) for the local

actuators in the network. These references are computed according to measure-
ments taken from sensors of various kinds that are distributed around the UDS
in this case they are pluviometers, and level sensors for the tanks and critical
man holes (simulation model).
In this case the control objective is to minimize the volume released to the
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city, the control actions correspond to the aperture percentage of the valves
corresponding to each release tank. The system disturbances are the rain pre-
cipitations in the network, these are determined in SWMM, the state variables
to be controlled correspond to the volumes of the tanks [m3]. To sum up, the
system has 3 control inputs, and 3 state variables. With the use of this infor-
mation an OP is presented and solved in the MATLAB environment with the
help of YALMIP [23]. In order to test the controllers different rain scenarios
were established including typical rain events and a one year return time rain
scenario based in geographical location of the sewage network case study.

5.1 Conclusions

Real time control techniques have been proposed to reduce flooding and pollut-
ing discharges to the environment in UDS. The application of these strategies
of state prediction in the case study showed an important reduction in the to-
tal flooding of the network. It is concluded that when dealing with such a big
network implementing models in real-time is quite complicated (specially for
the LPV-MPC strategy), it is proposed that in order to perform such task a
distributed model methodology should be implemented . Further work in this
direction involves developing a technique to ensure proper synchronization be-
tween the control actions for each model. On the other hand it is required that
there is an specific knowledge of the treated network when dealing with GS-
MPC, in this way the number of models can be minimized taking into account
the most common operation points.

5.2 Apendix A: Study Case Results

Taking into account the fitting provided by the muskingum process the system
was put to the test using the following rainfall events:
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Rain event 1

Figure 5.1: Typical Rainfall events
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The flooding in the test bed is not that significant this is because of the
inherent dynamics of the system, in a real case this Flooding shall be presented
in nodes far away from the system; the importance of implementing the control
techniques means that it can be extrapolated to a real network with the same
dynamics, in this case each release tank located in the Chicó network corre-
sponds to a system like the test-bed.

Figure 5.2: GS-MPC response from test-bed system

It is of great interest to implement these results into the real network, so far
the Chicó network shows the results in 5.1:

Table 5.1: Chicó Network
Total Flooding % of Flooding reduction

No actions 93.92x106[m3] NA
After GA 76.68x106[m3] 18.35%
ON-OFF control 55.58x106[m3] 40.56%
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