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Chapter 1

Context

Wastewater treatment is a public health issue; every day 4000 children below 5 years die from
diarrhea due to the drinking of non-treated water. Moreover, every year, 2 millions of tons of
sewage are discharged in the river; coming from sewers, industrial or agricultural waste [2].

Wastewater treatment is also an environmental issue; the presence of excess in phosphorous and
nitrate nutrients in water induces the growth of aquatic plants and algae. This process known as
eutrophication results in oxygen depletion, ecosystem deterioration and aquatic fauna extinction.

Pharmaceutical residues are also found in the effluents through human dejection. It has been
demonstrated that oestrogens feminises the fishes [3] and the anxiolytic increases their aggressivity
[4]. In France, fourth worldwide greatest pharmaceuticals consumer, more than 100ug/L of
residues are found in wastewater and concentration of the order of ng/L in the drinking water
[5] although the risks and effects are still not well evaluated on the human body.

Different policies have been put into place to regulate the transport and treatment of the
wastewater as well as the quality of the water. Early European water legislation began with
standards for rivers and lakes used for drinking water in 1975, and culminated in 1980 in setting
binding quality targets for drinking water. It also included quality objective legislation on fish
waters, shellfish waters, bathing waters and groundwaters [6].

The Council Directive 91/271/EEC concerning urban wastewater treatment was adopted on
21 May 1991 to protect the water environment from the adverse effects of discharges of urban
wastewater and from certain industrial discharges [7]. On 27 February 1998 the Commission
issued Directive 98/15/EC amending Directive 91/271 /EEC to clarify the requirements of the
Directive in relation to discharges from urban wastewater treatment plants to sensitive areas
which are subject to eutrophication [8].

This directive has been transposed into French law in 1994 and depending on the agglom-
eration size requests an abatment of 70% of the nitrates. Regarding Belgium, the situation is
more complex because each level of government is responsible for the transposition of European
directive in its jurisdiction [9]. As such, Belgium was sentenced two times regarding this di-
rective, once in 2004 because he didn’t transposed it and second time in 2013 for impairments [10].

In 2000, the Directive 2000/60/EC, also known as the Water Framework Directive (WFD),
imposes to the European state members the return of the good chemical and ecological state
(see table 1.1) of the surface and ground water within 2015. The state is calculated from the
90 percentile of the concentrations present in the river on two consecutive years. Transposed in
2004 in the French law, it also requests a non-deterioration of the actual water quality and the



Classes state limits

uality parameters by element
il : NG00 Moderaie

Oxygen Balance

Dissolved oxygen (mg Oz / L)
Saturation level in dissolved Oy (%) 90 70 50 30
DBO5 (mg O3 / L) 3 6 10 25
Dissolved organic carbon (mg C / L)
Temperature

Nutrients

POy~ (mg POy~ /L) 2
Total phosphorus (mg P / L) 0,05 0,2 0,5 1
NH4* (mg NH; / L) 0.1 | 0.5 2 5
NO; (mg NO; /L) 1

NO3 (mg NO3 / L)

Acidification
Minimum pH

Maximum pH

Salinity
Conductivity (mS / m) - - _ -
Chlorides (mg C1~ / L) - - - -
Sulphates (mg SO;~ / L) - - - -

Table 1.1: Classes states of the Seine quality in function of the concentrations of the different
quantities in an observation point

interruption of the rejection of dangerous substance before 2020.

In Paris the organism in charge of address those issues is the STAAP (Syndicat Interdéparte-
mental pour 1’Assainissement de 1’Agglomération Parisienne). This syndicate is in charge of the
treatment of waste, pluvial and industrial water for 9 millions people in the Paris agglomeration.
In addition, the STAAP investigates and develops different solutions to improve the performance
of their network.

In this context, the master thesis was interested on developing a control strategy to opti-
mise the partitioning of sewage between the wastewater treatment plants (WWTP) of the
network. Based on a simplified model of the network and real measurements of the Seine river,
we have shown that model predictive control (MPC) provides a suitable solution.

The master thesis is organised as follow. First a state of the art on model predictive con-
trol is presented. Its most common formulation is reviewed and is expressed as quadratic program
optimisation problem. Some feasibility and stability property will be formulated. Specifities
of Matlab model predictive toolbox used in this thesis for simulation will be presented before
describing the wastewater treatment network (WWTN) and its modelling. Plant model perfor-
mance will be assessed against real measures, before describing the systematic approach used
for MPC parameters tuning. Finally, the control law efficiency will be evaluated on different
scenarios and compared against real measurements.



Chapter 2

Model Predictive Control

2.1 Overview

Model Predictive Control (MPC) is a class of control techniques first derived from Internal Model
Control, or IMC, and is widely applied in the process industries due to its capability to deal
with constraints in an optimal fashion. As its name suggests, MPC is based on predictions of
setpoint tracking behaviour or disturbance rejection over both past controlled and manipulated
variables measurements, in which each prediction is followed by an optimisation routine to find
the optimal input for the closed loop response imposed by a certain criteria, such as maximising
a profit function or production rate [11].

The success of the MPC relies on its ability to easy handle multivariate systems, compli-
cated dynamics (e.g. non-linear, time varying plant, inverse response, important delays,...) and
constraints on controlled and manipulated variables. It also presents a systematic approach, thus
applicable to a wide range of problems and easier design maintenance. In fact, changing model or
specifications does not require complete redesign and can sometimes be done on the fly (Adaptive
MPC) [12]. Originally reserved for very slow bio-chemical process, MPC is now successfully used
to solve problems in automotive and aeronautical industry thanks to the development of fast
and low complexity algorithms (Explicit MPC) [13][14].

However, MPC requires a (simplified) prediction model as every model-based technique, full state
estimation (observers) and may suffer from large computation issues in its classical formulation.
Moreover, calibration of MPC can be very complex and often requires additional level of expertise
due to the high degree of freedom (weights, horizon, constraints,...)[15].

2.2 History of the MPC

The development of predictive control model takes inspiration of the formalism and methodology
developed by Kalman et al. in the early 1960s [16][17]. He demonstrated that the optimal control
law for linear time-invariant (LTT) system was the one minimising a quadratic objective function
of the states and inputs. Although the resulting control law has many nice properties including
that of closed loop stability, it had very low impact in the development in the industry process.
The reason for that, is that there were no constraints in its formulation and the non-linearities of
real system [18].

In the late 1970’s, taking the advantage of digital computers, model predictive control de-
velopped and reached successful applications in the industry. The most important one were
by Richalet et al. [19] which proposed and heuristic approach (MPHC), later known as Model
Algorthmic Control (MAC); and by Cutler and Remaker [20] which intrduced Dynamic Control



Matrix (DMC).

Their strategies relied on the use of a dynamic model of the process (impulse response for
the former and step response for the latter) to predict the effect of future control actions. They
were determined repeatedly by minimising at each sampling period, the predicted error sub-
ject to operational constraints. However, their initial version of MPC were not automatically
stabilising and required stable plant and large horizon compared to settling time to achieve it [21].

As a second wave, QDMC algorithm was presented in 1983 by Cutler et al [22]. Its approach is
based on quadratic programming to solve the constrained open-loop optimal control problem.
In its formulation the system is linear, the objective function quadratic and the constraints
are described by linear inequalities. Although its systematic approach to integrate constraints,
QDMC presents no clear way to handle unfeasible solution[18].

Later on, IDCOM-M (Identification and Command) and SMOC (Shell Multivariate Optimizing
controller) emerged as a third generation of MPC. The first, successor of MPHC, is presented in
a paper by Grodidier Froisy, and Hamman in 1988 [23]. It uses two separate objectives functions,
one for the output and another for the input in case of extra freedom degree. Each output
is driven as closely as possible to a desired value at a point in time known as the coincidence point.

On the other hand SMOC was the first to use a process model in the form of state equations,
an approach which is currently dominant in research studies concerning the MPC algorithms.
Moreover, it also used Kalman filter to estimate the states to measure disturbances form measured
outputs [24].

Over the last years a fourth generation of MPC was developed and are still in research presently
to address non-linear process (DMC+) and robustness to model uncertainty (Robust MPCT).
Decentralized MPC is also a rather common trend used in the industry for large scale application.
In place of maintaining an operating extremely large MPCs, they are often split into smaller
MPCs that are installed on subsystems of the original process.

However, distributed MPC with cooperating controllers, is a new concept that is yet to take in
the process industry (Camponogara et al 2002; Christofides et al 2013)[25]. Finally, Econonmic
MPC (EMPC) raise lots of interest recently; its central idea is to use a single MPC objective
function to control and optimise economic conditions (Ellis et al. 2014)[26] [25]. The evoltion
and different generations of MPC are shown on the figure 2.1.

2.3 Formulation of the MPC problem

MPC is based on iterative, finite-horizon optimisation of a plant model. At time k, the current
plant state is sampled and based on the process model, estimated over p sampling period called
Prediction Horizon. The MPC elaborate the control strategies by minimising a defined objective
function so that the predicted output reaches the reference trajectory as we can see on the
figure2.2. The control horizon m corresponds to the number of control moves considered during
the prediction horizon. At each iteration, only the first control move is kept, the others are
discarded and the operation is repeated on the next sampling period. The prediction horizon
keeps being shifted forward and for this reason MPC is also called receding horizon control[27].
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Figure 2.2: MPC basic scheme [27]

Objective function

Depending on the MPC formulation, the cost function J may differ, but generally it depends
quadratically on the error between the reference r and the predicted outputs y as well as the
manipulated variable variations Aw [14],[28]. Assuming a plant with n, manipulated variables,
ny measured outputs and a prediction horizon p; the cost function to minimise at instant k is
equal to;

ny p—1
ZZU} [ri(k+1) —y;(k +i|k)] —i—ZZw [Au;(k + ilk))?
Jj=1li=1 j=11i=0

where zj, is the decision, given by;
zi = [u(klk) w(k + 1|k) ...u(k +p — 1]k) ]

Auj(k +ilk) = uj(k +ilk) — uj(k + i — 1]k) is the control move at the ith prediction horizon
step and w? and ij“ are the tuning weight that are constant with respect to the index i=1:p.



Note that alternatively, one may rewrite the cost function in matrix form;
J(21) = (Y = Ri)" Q(Yi — Ry) + Uyl RauUs
where Q (ny-by-ny) and Ra, (n,-by-n,) are positive semi-definite weight matrix, and;
Y = [y(k + 1|k) ... y(k + p|k)] is the matrix of the predicted outputs.
Ry =[r(k+1)..r(k+ p)] is the matrix of reference trajectory.

Ui = [Au(k|k) ... Au(k + p|k)] is the matrix of control moves.

Constraints
The cost function is also generally subject to constraints on the manipulated variables, on
manipulated variables rate, and on the outputs. At instant k,

Umin(k+7) < w(k+j1k) < tmaz(k+J) j=0,..., N-1
Avupin(k+ jlk) < Au(k+jlk) < Aupmaz(k+ 7) j=0,..., N-1
ymzn(k +]) < y(k) < ymax(k +]) j=1,.., N

Note that some constraints are implicit; the control horizon m forces some manipulated variable
increment to be zero and the state observer used for plant prediction is a set of implicit equality
constraints.

2.3.1 Resolution of the optimisation problem

The optimisation problem is generally solved by convex quadratic programming (QP). The
quadratic problem with n variables and m constraints is formulated as follows [29],[30]:

Minimize %xTP:U +clx
Subject to Ax < b

where b and c are respectively real m- and n-dimensional vector. P is n-by-n symmetric matrix
while A is man dimensional real matrix.

It has been proved that the optimisation problem is convex if P is a positive semi-definite
matrix. This means that if a local optimum is found, it corresponds to the global optimum. Also
it ensures the problem is tractable and many algorithms are able to solve it polynomial time
(ellipsoid method, active set, augmented Lagrangian,...). However, if P is indefinite, then the
problem is known to be NP-hard [15].

Expression of the MPC as a QP problem

Let’s first assume we are provided with a linear plant discrete state space representation. For
non-linear system, the state space representation is most of the time obtained by linearisation of
the plant around its nominal value;

{m[k +1] = Ax[k] + Bulk]
y[k] = Culk]

Assume we minimise the cost function at instant &, let’s express the predicted output in function
of the control moves. From the state space representation,

y(k +jlk) = Ca(k + jlk)



Therefore,
y(k + 1|k) = Cx(k + 1|k) = Az(k|k) + Bu(k|k)

If we express the input based on the previous input and the control move;
u(klk) = u(k — 1) + Au(k|k)

We obtain,
y(k+ 1|k) = C [Ax(k) + B (u(k — 1) + Au(k|k))]

Computing the states recursively we can show,
y(k+jlk)=C |Az(k)+ > A~"'B (u(k — 1)+ Au(k+ z’k))
h=0 =0

Alternatively in the matrix form, we obtain;

Y. = SIJ}(]{) + S’ulu(k — 1) + S, Uk

with,
CA CB
2 B+ CAB
Sx = cA )Sul = ¢B+0C )
C AP Sh_,CArhlp
CB 0 .. 0
CB+CAB CB w0

Su =
Sh CAPhTlp SR cAr-h-lp OB
By replacing Y} in the objective function and letting Gy, = Syx (k) + Syiu(k — 1) — Ry, we obtain;
J(21) = (Gr + SuUR) " Q(G + SuUy) + Ul RauUs
After distributing and regrouping the terms we obtain,
J(21) = U S5 QSu + Rau]Ur + 2G; QSuUx + Gi QG

Since G}, doesn’t depend of the control moves and minimising z; and U} are equivalent, the cost
function to minimise can be reduced to,

We observe that the cost function is of the form of the one in the quadratic programming problem
with Hessian symmetric matrix P = 2S1'QS,, + Ra, and ¢! = QG;‘:QSU.

Regarding the constraints they can also be rewritten in the form of QP problem. Double
inequalities can be split in two inequalities and expressed in the sense of "less or equal”;

91 <92 < g3 — g <g & g¢g2<g;3 — 1<g & —g<-—-0



After expressing in the matrix format, we obtain;

i umzn(k) T u(k‘k) 1
—Upmaz (k) —u(klk)
_Umam(k +p) _u(k + p‘k)
Atpin (k) Au(k|k)
Atpmin(k + p) < Au(k + plk)
_Aumax(k) - _Au(k:|k7)
—Atmaz(k +p) —Au(k + plk)
Ymin(k + 1) y(k +1k)

ymzn(k +p+ 1) y(k +p1‘k)
_ymax(k + 1) _y(k + 1|k)
L~ Ymaa(k+p+1)]  L-y(k+p+1[k)]

Again we can express u(k + j|k) and y(k + 7 + 1]k) in terms of u(k + j|k) and regroup the terms
so that;

_7TT_ [ u(k - 1) — Umin T
Tr Umax — u(k — 1)
—1 —AUpin
I U= AUmaz
—Su Spx(k|k) — Syiu(k — 1) — Ymin
L Su LYmaz — S;Bﬂj‘(k"k‘) - Sulu(k‘ - 1)_

where T, is a lower triangular matrix with only ones and I the identity matrix.

Remarks

e We have considered previously an ideal case where the plant is perfectly estimated by the
model and no perturbation is considered. In practice, modelling error and perturbations
influence the dynamic response of the controller. Therefore state observer, generally
Kalman filter, is used to improve the dynamic response to apparent disturbance;i.e when
the measured plant output deviate from its predicted trajectory. It also enables asymptotic
rejection of sustained perturbations by emulating classical integral feedback controller [31],

[1].

e Unconstrained linear MPC results in a state-feedback law. This can be proved by dynamic
programming using Riccati iterations or more simply by zeroing the gradient of the cost
function;

Vo (Uy) = 2[SEQSy + Rau)Ux + 251 QG = 0

By isolating Uy and replacing Gy, bu its expression, we obtain;
Uk = _[SgQSu + RAU]_ISEQ {Sxx(k) + Sulu(k - 1) - Rk‘}
Keeping only the first control move and regrouping term we fin finally;

Au(klk) = Gr(k + 1) — Hu(k — 1) — Kz (k)

10



The control move to apply depends on the reference trajectory, the previous move and
effectively of the actual state x(k) (=state-feedback).

e General shortcut that is made about MPC is to consider that finding optimal solution
ensures stability. In general additional constraints have to be added to the MPC problem
to ensure stability. Kwon et al. (1983) and Meadows et al. (1995) proved that stability
can be achieved by the use of terminal constraints. The introduction of dual-mode
designs (Mayne and Michalska, 1993) and the use of infinite prediction horizons (Rawlings
and Muske, 1993)[32] was also proposed. Clarke and Scattolini (1991) and Mosca et al.
(1990) independently developed stable predictive controllers by imposing end-point equality
constraints on the output after a finite horizon. The base idea of their proofs use the cost
function as a Lyapunov function [21].

2.3.2 MPC design in Matlab [1]

To address the objective of this master thesis, we decided to rely on the model predictive control
toolbox from Matlab. It offers a very handy Graphical User Interface (Simulink) as well as
the possibility to execute code at the command line. Several linear MPC design features are
available;

e Explicit, Economic, Adaptive, Mulitple, Gain-Scheduled MPC, ...

e Time varying/adaptive models, weights, constraints, reference

Mixed input/output constraints

Stability and feasibility design review
e Versatile simulation options (scenarios)

Prediction models can also be generated by the Identification Toolbox or automatically linearized
from Simulink diagrams. Finally, the toolbox support C-code and TEC 61131-3 Structured Text
generation for rapid prototyping and embedded system implementation.

Implementation of the objective function in Matlab

In comparison to the classical MPC formulation presented before, Matlab add quadratic terms
in the cost function for manipulated variable tracking and allow soft constraints by the use of a
non-negative slack variable eg;

Ny p—l

T (z0) = J(z) + D > witlu(k + ilk) — ) rarger (k + i|K)]* + pee,
j=1i=0

with the decision;
2z, = [z e ]

Wjtarget(k + 1|k) is the target for manipulated variables at instant k, while w;; and p are
respectively the weights on manipulated variable tracking and constraint violation.

The constraints can also be rewritten as follows;

umln(k + j)iek‘/j:lfmi’n(k + j) S U(k‘ + ]|k) S umafﬁ(k + j)+€k‘/jjl,{rn,uzl;<k + j)

Attin (k + jlk) = Vo, (k+ ) < Au(k+ jlk) < Aumag(k + §)+ex Vi, (k+ )
ymzn(k + j)_ekvﬁmin(k + J) < y(k) < ymaaﬂ(k =+ ])"_Gkvﬁmzﬂ(k + J)

11



where Vj correspond to the constraint softening constants and is equal to zero for hard constraint.
Note that Matlab cost function also introduce scaling parameters for manipulated variables and
measured outputs scaling. In fact, although humans think infinite precision, computers do not

and are limited by the finite bit number representations. To avoid numerical difficulties, variables
should ideally lie between -1 and 1.

12



Chapter 3

Model of the wastewater treatment
network

3.1 Description of the network

The STAAP is responsible of the collecting and the treatment of wastewater of the Paris
agglomeration and the quality control of the Seine river and two of its affluents; the Marne and
the Oise. Depending of the weather conditions, the Seine flow can vary from 100 - 1000 m3/s.
The Seine cover an area of 79000 km?, representing approximately 13% of the French territory
and concern 30% of the its population.

Tunnels réservoirs
Pierrel Emissaires
@ Usines d'épuration
@ Usines de prétraitement
3
\ e,
i

laye
Seine centre
. La Briche
Seine aval

. Seine Morée

Seine Grésillons

C

o

s

o,
LI :)

Lﬂ\ m% & Seine amont

,~ \ &Q%V?

Figure 3.1: wastewater treatment network of the STAAP [33]

Marne aval

To transport the wastewater the STAAP manages 440km of conducts dispatched on 1800 km?
of territory (figure 3.1). Those conducts of diameter between 2.5 and 4m and situated between 10
and 100m deep pipes million of m?3 of wastewater to the 6 treatment plants of the network;Seine
Amont, Seine Morée, Marne Aval, Seine centre (SEC), Seine Aval (SAV) and Seine Grésillons
(SEG). The first three treat and discharge the water into the Seine downstream from Paris while

13



the last three do it upstream.

The network is also composed of 4 tunnel tanks and 8 storage bays with a total capacity
of 900 000m? to store temporary the water excess and relax the treatment plants in case of heavy
rain. Finally, the STAAP also has pre-treatment facilities whose role as implied is to pre-treat
the wastewater but also to dispatch the flow on the treatment plants of the network. Some of
those facility as Clichy-la-Garenne can work as pumping station to avoid flooding by evacuating
the rainwater excess in the Seine. The network finally disposes of different measurement points
across the river to monitor its quality (see figure 3.2).

Q Noisiel (Marne)

a
. Ablon (Seine) Déversoir
&% Champigny majeur

3 — Chenneviéres
31— Passerelle d'alfortville
.3 Choisy

&3 Ivry

o8- Suresnes

o — Argenteuil

¢:)— Colombes

w)— Bougival

& 11— Sartrouville
¢&1— Conflans (Seine)
el— Conflans (Oise)
ut'-— Poissy
k-—TrieI

L dise,
S Wal-d'Oise

S E; Bypass SAV
L "‘ 2 :-

La Briche
SEG o - A
"t’ Seine-Saint-Denis |
Clichy Q La Mlarng
uelines Seine-st- Marne

Ezzonne

Figure 3.2: Measurement points in wastewater treatment network of the STAAP [33]

In this thesis, we concentrated our study area to the west part of the network from Suresnes to
Poissy which includes, the Oise confluent, the main pre-treatment facility of Clichy and LaBriche,
and the treatment plants of SEC, SAV and SEG. The four main conducts piping the wastewater
from Clichy to the WW'TPs can be seen on the figure 3.3, they are referenced with their maximal
capacity in the table 3.1. The EGN conduct deliver SEC and SEG treatment plant, while CAA
and CAB conducts deserve relatively straightforward SAV.

Conducts Maximal flow [m3/d]
Emissaire général (EGN) between Clichy and SEG | 780000

Emissaire général (EGN) between SEC and SEG | 780000
Clichy-Archeres-Argenteuil (CAA) 1040000
Clichy-Archeres-Bezons (CAB) 1200000

Table 3.1: Major conducts and their capacity piping water between Clichy and the WWTPS

14



Figure 3.3: West part of the wastewater treatment network of the STAAP [33]

3.2 Model description and assumptions

The model, visible on the figure 3.4, is composed of a unique input node regrouping Clichy-
Labriche pre-treatment facility where all the wastewater arrive. The flow is then split in four;
three parts going respectively to each of the WWTPs and another part that is directly rejected
in the Seine. We make the assumption that no pre-treatment is done at this point. Storage
tanks and bays as the major spilway of SAV are not considered in the model. The amounts of
water that surpass the maximum capacity is assumed to be directly rejected in the Seine at Clichy.

We consider the following measurement points; Suresnes (1) for the state of Seine before the
WWTPs, Sartrouville (2) after SEC, Conflans (3) after SAV, Poissy (4) after the confluence of
the Oise and Triel (5) after SEG.

We also neglect the degradation of water quality in the Seine and in the conducts and consider
instantaneous mixing of the treated water and the Seine at the output of the WWTPs. In fact,
the mixing time is negligible compared to the travelling time and bio-chemical time process
taking place in the WWTPs.

In the first versions of the network model we considered travelling time between Clichy-LaBriche
node and the WWTPs, and in the Seine. However we finally neglected it, as it increased the
complexity for only very small improvement of the model as presented in the section 3.4. This
is mainly comes from the fact that travelling time is negligible compared to the bio-chemical
time process taking place in the WWTPs and the weekly measurement we were provided at the
different measurement point. To compute the travelling time we first determined the evolution
of the water speed v in function of time. The speed is linked to the flow @) and the section S of

15
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Figure 3.4: Model of the wastewater treatment network

the river or the conduct since by the following relation,

In all generalities, the section can vary with the position whereas the flow is time dependant.
The evolution of the position in function of time is therefore obtained by solving the following
differential equation

de _ Q(?)

dt — S(z)

Finally, the travelling time ¢, is obtained by looking at which time the position is equal at the
distance to travel assuming the referential has been put at the origin in time t=0;

il:(ttr) = d

Assuming constant section and flow, the travelling time is given by the following relation;

d.S

tyr = K}
Distance were computed using Google Maps measurement tool. For the conducts, the diameter
has been considered to be 4 m and the flow estimated by their maximal allowable flow. On the
other hand, nominal flow and speed were considered for the Seine river.The travelling time in
the conducts and between the different rejection points are finally summed up in the table 3.2

3.3 Model of the wastewater treatment plants

3.3.1 Description of the wastewater treatment plants

The plant of SEC, SAV and SEG treat nominally 240 000, 1 300 000 and 300 000 m?/d of
waste water respectively. Their treatment capacity goes respectively up to 400 000 , 2 300
000 and 315 000 m?3/d in wet weather. SEC receives wastewater pre-treated by the facility of
Clichy-La-Garenne orignated from the Paris sewers while SAV treat more than 70% coming from
the Paris Agglomeration. On the other hand, SEG lightens the flow treated by SAV, and collect
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Path Distance [km] | Flow [m3/s] | Section [m?] | t; [h]

Clichy to SEC 4.5 9 12.6 1.75

Clichy to SAV 12 26 12.6 1.61

Clichy to SEG 30 9 12.6 11.67

Suresnes to Clichy-La Briche 10 400 720 5

Clichy-La Briche to Sartouville 31 400 720 15.5
Sartouville to Conflans 11 400 720 5.5
Conflans to Poissy 9 400 720 4.5
Poissy to Triel 8.5 400 720 4.25

Table 3.2: Travelling time in the model in function of the path

and clean the residual water of 18 localities from the Yvelines and the Val-d’Oise [33].

The treatment process can be summed up in 3 steps; first a pre-treatment is applied which
consist of screening, grid removal and deoiling to remove sand, oil and waste that may deteriorate
the facility. Next, the wastewater undergoes physico-chemical decantation to reduce the total
suspended solid (TSS), the carbon and phosphorus by clari-foculation. Biofiltration is finally
applied to reduce the concentrations of nitrogenous nutrients.

More specifically in SEG, the drawdown of phosphorus nutrients is done by a tertiary treatment
unit activated during summer (June-September) when discharge standards at the output of the
WWTP are more strict. On his side SAV also include a classical AS biological treatment stage
before physico-chemical decantation to clarify the water from carbon and suspended solids (see
figure 3.5). Note that in rainy condition some treatments steps may be bypassed to handle larger
input flow, changing therefore the dynamic of the WW'TP.

3.3.2 Model description and assumptions

Robles-Rodriguez (et al,2018) [34] showed that a simple model based on ASM1 (Active Sludge
Model 1) with one microbial population was effective to predict the concentrations of effluent at
the output of the WWTPs.

The proposed model first reduces the hole treatment plant as an aerobic membrane bioreactor
(MBR) (figure 3.6) where Q;y, represent the influent rate, Q,, is the waste flow rate while Qo
corresponds to the efHuent flow going to the Seine. The air supply has been assumed to be
sufficient for microbial growth and alkalinity was neglected because the pH of the plant is
maintained at neutral pH.

The model considers the conversion of the carbon by heterotrophic bacteria and the autotrophic
conversion of the ammonia nitrogen first into nitrites (NO; ) and then in nitrates (NO3 ). This
latest is then converted into nitrous oxide (N2O) before turning into nitrogen gas Nj. This
process called denitrification occurs under oxygen depletion and in presence of a carbon source
as the methanol (CH30H). Note that during this operation the primary oxygen source for the
microorganisms is turned into nitrates.

NHy+302 — 2NO; +4H0 +4H*
4NOy +0y; — 2NO3
6NO; +5CH30H — 2N +5C0, + TH20 +60H ™

The model considers only one microbial population which merges heterotrophic and autotrophic
microorganisms into one (X). Therefore its dynamic is reduced to 4 reactions; (i) Growth of
microorganisms; (ii) Decay of microorganisms; (iii) Hydrolysis of entrapped organics; and (iv)
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Figure 3.5: Schematic of the SAV facility for wastewater treatment

Hydrolysis of entrapped organic nitrogen.
The high sludge retention rate (SRT) is included in the model as a constant (s4) to account for

the long degradation of the Total Suspended solids (T'SS). The fraction of T'SS present in the
influent was accounted as an active biomass, while no biomass was considered for the effluent
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Figure 3.6: System representation of the reduced WWTP [34]

due to the membrane utilisation. Finally phosphorous treatment has not been considered in the
model, and rainy and wet regime are not dissociated.

Regarding those assumptions the dynamic of the biological oxygen demand (BOD), the ammonia
nitrogen (N H;"), nitrite (NO; ), nitrate (NO3—), and total suspended solids (7'SSS), can be
described by mass balances equations as follows,

deDE’ = BODs,INQTI/N — BODsg Q?/UT — BOD5Q7W —rnX (3.1)
djjlfh = NH4,1NQTI/N — NHy Q?/UT — NH4Q7W — 1o X (3-2)
d]ZtOQ _ NOQ,[NQ% — NO, Q(‘)/UT - NOQQTW —r3X + YNH41/NO2T2X (3.3)
C”Z tO?’ - Nog,mQ—‘fV _NO; Q(‘)/UT - N03Q7W —raX + YNO:M@X (3.4)

% - fXTSS]NQ—‘I/N — XQ7W +Yx/popm X + Yy/nu,m2X — bX (3.5)
% = (1-fx) TSSINQ% - TSSQ(‘)/UT Sd — TSSQ7W (3.6)

In those equations X (mgX/L) is the biomass, V (m3) the Volume of the reactor. Q;, is the
influent flow rate while QQy; is the effluent flow rate. On the other hand, @, account for the
waste flow and is assumed to be 10 percent of the influent flow rate.

Yx/; is the Yield coefficients for biomass production with respect to the different ¢ compounds
while the kinetics coefficient are given by Monod equations for the consumption of carbon (r;),
the nitrification of ammonia into nitrites (r2), the nitrification of nitrites to nitrates (r3), and
the denitrification of nitrates into N2 gas (r4).

Ti = P1,max KBoiiDBSODg) (3.7)
ro = Pz,max[(]\”jjm (3.8)
r3 = ,03,maxKNOJZ%N02 (3.9)
T4 = p4,maxl(.]\[(j;rig]\703 (3.10)

Pjmax J = 1 — 4 represent the maximum specific rates of the 4 reactions. The parameters
Kpop, Knm,, Kno2, and Kno3 are the half saturation coefficients for BODs, NHy, NOg, and
NOs, respectively. Finally f, is the fraction of active biomass and b represents its decay.
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3.3.3 Model Evaluation

Based on daily measurements during 4 years (2009-2012) at the input and the output of the
WWTPs of SEC, SAV and SEG, the model has been first calibrated on tree datasets of 150 days;
beginning of 2009, middle of 2010 and late 2012. The parameter estimation has been performed
by pattern search algorithm expect for four of them which were taken from the literature; fx, b,
Yx/pop and YX/NH;“ They are reported in the table 4.

The model has then been evaluated on the rest of the data excluding period with missing and
inaccurate measurements. We observed that the dynamics of TSS and BOD concentrations were
well modelled. However, flow variation impact strongly nitrogenous concentrations and nitrates
nutrients are most of the time underestimated by the model. The performance of each of the
WWTPs has been assessed by computing the root mean square of the normalized error for each
substance concentration;

1 n S . 2
RMSE = Z(ydat(l)y(l)> (3.11)
n =\ max (Ydat)

where y4q: is the experimental data, y is the model output, and n is the total number days
considered in the evaluation. We observe from the table 3.3 that the model of SEG is less effective

than the others and that the nitrogenous compounds dynamics are less well predicted.

Variables SEC SAV SEG

TSS 0.058 0.092 0.191
BOD 0.076 0.103 0.172
NH4 0.115 0.110 0.077
NO2 0.152 0.112 0.144
NO3 0.182 0.133 0.168

Table 3.3: Statistical performance of the WWTPs

3.4 Network model evaluation

Based on the same previous set of data and a picewise linear interpolation of weekly measurement
at each observation point, we evaluated our model with and without considering the travelling
time. We observed that the dynamic is well respected although we still observe an underestimation
of nitrates as we observed for the WWTPs model. We also computed the performance of the
model using RMSE criteria as previously detailed. We observe on the table 3.4 and 3.5 that the
performance are better the one obtained for the plant evaluation at the exception of the ammonia
nitrogen. We can also notice that the performance are getting better as we are approaching from
Triel. This comes from the dilution of the efluent concentrations in the Seine which lead to a
masking of the WWTP model imperfections. We see a very small gain considering travelling
time; however we can’t expect more than that since we are consolidating weekly measurement
that have been interpolated linearly, and thus unable to to describe hours fluctuations.

Variables Sartrouville Conflans Poissy Triel

TSS 0.081 0.081 0.075  0.054
BOD 0.168 0.158 0.162  0.141
NH4 0.135 0.079 0.143  0.105
NO2 0.119 0.14 0.167  0.135
NO3 0.049 0.119 0.123  0.119

Table 3.4: Statistical performance of the model without delay
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Variables Sartrouville Conflans Poissy Triel

TSS 0.079 0.078 0.073  0.053
BOD 0.162 0.154 0.157  0.134
NH4 0.131 0.078 0.142  0.105
NO2 0.118 0.14 0.168  0.135
NO3 0.047 0.119 0.121  0.116

Table 3.5: Statistical performance of the model with delay
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Chapter 4

Cases study

4.1 Choices of data and cases study

Based on the same 4 years data from 2009 to 2012, presented in section 2, we defined 3 scenarios
to evaluate the control law, each one on periods of 90 days.

e (1) During Spring from March to May 2009
e (2) During Winter from December 2009 to February 2011

e (3) At the end of Autumn and the beginning of Winter from November 2010 to January
2011

Wet periods (2,3) were chosen to study the behaviour of the MPC law under extreme situations;
i.e. for high input flow and variation at the input of Clichy. On the other hand, dry situation
was selected to study the behaviour of the MPC law when constrains are more strict at the end
of the WWTP since the Seine flow is lower and the thus dilution effect less present.

Large time period were considered to study steady period but also to account for punctual event
as heavy rainfall on small time period. The scenarios have been carefully selected in order to
consider period where concentration excesses above the good state limit appear to study if MPC
law could have improved the situation.

The data for these periods is based on daily measures of the flow rate, and weekly measures of
the nutrients concentrations at the different measurement points of the WWTN. Based on the
daily data at the input of each of the WWTP, we reconstructed the flow and the concentration
at the Clichy-LaBriche node. The points considered, as presented in the section 2, are Clichy
and Labriche as input of the wastewater to treat, Surness for the Seine state before the different
rejections points, and Sartrouville, Conflans and Triel for the Seine state respectively after the
three WWTPs; SEC, SAV and SEG.

Relatively to our model and the data provided the different nutrients considered were the

Total Suspend solids (TSS), the Biochemical Oxygen Demand (BOD) the ammonia nitrogen
(NH}), the nitrites (NO; ) and the nitrates (NO3 ).
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Chapter 5

MPC parametrisation

Traditionally done by trial and error procedure, MPC tuning remains a challenging problem
due to its huge number of parameters even for system of modest size[35]. Although parameters
influence on the plant can be intuitively understood, quantifying their effect is more complex.
Moreover, badly tuned predictive controllers tend to take the plant to extreme and sometimes
unstable conditions, frequently unnoticed because of physical constraints such as valve opening,
maximum flow rate, etc., masking the instability problem and fooling operational groups into
concluding that the plant has been optimised [21].

In the literature there are many works dealing with automatic tuning of MPC, but due to
their complexity and the difficulty to perform analytically studies, the development of a general
method is still a challenge. Some researchers have proposed tuning methods for specific types of
MPC, but put apart some particular aspects of the problem, for instance not considering the
horizons (Li and Du, 2002)[36] or focusing on single input/ single output plant (Sridhar and
Cooper 1997)[37],[35].

In an alternative approach, frequency domain methods for tuning linear optimal controllers have
been studied since the beginning of 1980’s (Doyle et al., 1992)[38], and they are a good alternative
to speed up MPC automatic tuning procedures avoiding dynamical simulations. However, some
problems of stability and robustness were detected in the presence of non-linearities and load
disturbances acting on the plant (Vega et al. 2007)[39],[35].

Finally, another class of tuning methods based on solving optimisation problem has also raised
some interest. Their main idea is to compare the efficiency of the control with a performance
function and optimise a reduced or whole set of MPC parameter. Nevertheless, those methods
suffer from the high number of dynamic simulations required, making the design process very
slow [35].

Tuning Method

For the aforementioned reasons, we decided to develop a systematic approach for MPC design.
A first restriction is made on the parameters based on physical constraints / limitations of the
plant; e.g. a valve could only be operate between its minimal and maximal flow capacity.

We then separate the remaining parameters and ranked them based on their relative influ-
ence on the process. For example, sampling time is an important parameter which will influence
the time response of the controller and should be optimised first regarding the weights on
measured output which will allow fine tuning. Note that set of parameters may be recombined
after being optimised independently as for weights on measured output and on control moves.
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Similarly to optimisation based method, the performance of the control law with a given
set of parameters is addressed by a quality function while ensuring robustness and stability of
the controller.

Quality function

In our case, the quality function is computed by the root mean square error (RMSE) of all
nutrient concentrations n; on the hole time period considered ns. An error is observed only if
the concentration measured y; ; is above good state limit y; 4 and is computed as a relative
error. The use of RMSE allow us to penalise more large deviation compared to classical mean
relative error.

1 n2 nl

wse— | L85
2355

Yi,j—Y4,g9sl . o

Y gsl if Yj.gsl < Yij

€; i =
’ 0 otherwise

5.1 Reduction of the number of parameters

Regarding the MPC problem, we have for each manipulated variable 10 parameters we can tune; 2
weights for tracking and control moves. We can also set 4 constraints for minimum and maximum
manipulated variable (/rate), and their respective 4 softening constraints. In the other hand, for
each measured output, we have 5 parameters; 1 weight for reference tracking and 4 parameters
for minimum and maximum constraints with their softening parameter. Independently we have
three other parameters; sample time, prediction and control horizon. In total, for n, mv and n,
mo; this corresponds to 3 + 10n,, + 5n,. Note that additional mixed input and output constraints
can be considered.

Without any special considerations in our model, we have 4 manipulated variables and 25
measured outputs corresponding to the effluent concentrations at each measurement point. This
leads to 168 parameters to set and reduction is thus essential!

Manipulated variables

As presented in the modelling section, the flow rate at Clichy-Labrichy is divided in four; three
parts that are going respectively to the three WWTPs SEC, SAV and SEG, and the fourth part
that is directly rejected to the Seine at Clichy. The objective of the MPC law is to determine
the optimal partitioning of the input water-waste at Clichy ensuring the good state limits are
respected at the output of each wastewater treatment plant.

As a result three manipulated variables were considered in the design of the MPC, one for
each of the flow going to each of the WWTP. The latest flow directly rejected @,¢; to the Seine is
computed as the difference between the input flow @, and the flow going to the three WWTPs

Qsec, Qsav and Qsea;
Qrej = Qin — Qsec — Qsav — Qsec

In order to obtain normalised manipulated variables muv;, each of the flow @); is respectively
divided by a flow of 3 000 000 m3/d which correspond approximately to the maximal @Q,,q, flow
treatable by the 3 WWTPs;

Qi

Qmam

muv;
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Measured outputs

Regarding the measured outputs, only the nutrients concentrations at the output of Triel are
considered. This choice is based on the following observations of the provided data. First, over
the last 15 years, excess above good state limits were mostly observed on the Seine after the
three WWTPs of SEC, SAV and SEG for NO; and NH; (table 5.1).

Year | Suresnes | Sartrouville | Poissy | Triel
2001 0.39 0.51 3.09 -
2002 0.26 0.51 5.27 -
2003 0.35 0.63 6.60 -
2004 0.42 0.56 5.70 -
2005 0.34 0.34 5.00 -
2006 0.23 0.45 4.40 -
2007 0.18 0.33 1.60 | 1.80
2008 0.23 0.25 1.60 | 0.95
2009 0.15 0.44 1.70 | 1.70
2010 0.19 0.28 1.70 1.40
2011 0.14 0.48 3.80 3.10
2012 0.16 0.17 0.87 | 0.78
2013 0.15 0.19 1.40 | 0.89
2014 0.14 0.22 1.60 | 0.70
2015 0.16 0.2 4.10 | 2.90
2016 0.18 0.17 1.10 0.61

Table 5.1: Mean concentration of N H, from 2001 to 2016 at each point of measure [33]

Secondly, the concentrations of nutrients at the output of the WWTPs before dilution in
the Seine are most of the time above the good state limit for the BOD, the ammonia nitrogen, the
nitrite and the nitrate. (fig.5.1). This means that the realisation of concentrations below good
state limit is ensured by the dilution of the concentrations in the Seine. Therefore concentrations
below good state limit at Triel is necessary to respect the DCE at each point of the Seine. Or
in other words, concentrations at the output of Triel below good state limit ensures good state
limit at the other points of measure.

Nevertheless, we may think scenarios where the concentrations at Conflans after SAV is above
the good state limit and the influence of the Oise can dilute those concentrations below good
state limits. Note that, on the 4 year data provided this happened only once and Oise flow is
most of the time ten order of magnitude below Seine flow.

Moreover, concentrations above good state limits at the output of the WW'TP also implies that
if the concentrations are already above the good state limits in the Seine, the WWTPs will not
be able to improve the quality of the Seine. In fact, the concentration resulting C, in the mixing
of two flows, Q1 and @2, at different concentrations , C; and Cs, is equal to;

C Q101 + Q207
" Q1+ Q2

the flow fraction, the relation become;

C, =Cix1 + 02(1 — 1'1)

Letting x; = %

or,

Cr = (01— Co)z1 +Co
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Figure 5.1: Concentrations of nutrients at the output of the wastewater treatment plants before
dilution in the Seine

It is the equation of a straight line of slope C'y — Cy and intercept Cs. Since z1 can vary from 0
to 1 C, is bounded by the minimum and maximum of C'y and Cs

Next, based on the data and yearly studies of the STAAP, we observed that the concentra-
tions of BOD, ammonia and nitrite are the most sensitive to overtaking above the good state
limits. Therefore TSS and nitrate can be put apart and not considered as parameters to optimise

by the MPC.

During first simulations, we also put in evidence that optimising BOD and Ammonia leaded to
the same choice of partitioning leading to the conclusion that only one of this parameter have to
be considered. This dependency can be observed in the equations modelling the WWTPs (2.1 -
2.2); we see that for reducing the concentration of nutrients, meaning a negative derivative, we
have to increase in both cases the biomass.

As a summary, ensuring concentration below good state limit at Triel is a suffisient condi-
tion to ensure good state limit in all the network. The measured output can be reduced to two
variables; the concentrations of Ammonia nitrogen and nitrites. The measured output is finally
defined as a normalised concentration against good state limit.

X;

Xi,gsl

mo; =
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where X; is the concentration at Triel of compound i and X 4 its respective good state limit.
Defined this way, the corresponding reference for tracking, has been fixed to zero.

Constraints

Each of the WWTP is limited by its maximal flow it can treat. Theoretically the WWTPs should
only be stopped for maintenance or configuration change as SAV WWTP in 2011. A WWTP
shutdown may deteriorate microbial population and induce a negative economical impact. As a
result, we imposed minimum and maximum value on the manipulated so that the flow going to
each of the WWTP remains between 10% and 100% of their maximal flow.

The partitioning of the flow is mainly performed through valves which physically present a
limited flow rate. We estimated this flow by analysing the daily variations at the input of each
WWTPs and imposed it as constraints on minimum and maximum flow rate on manipulated
variables.

Finally, we must ensure at each time the conservation of flow at Clichy-La Briche node and
therefore, the sum of the flow going to each of the station should always be lower or equal to
the input flow. This constraint is ensured by a time varying mixed input constraints. All those
constraints are physically inviolable and are therefore considered as hard constraints.

For the output, we may think using constraints to ensure concentrations below good state
limit at the output; however, it will be redundant with the output reference tracking term in
the cost function. Moreover, in our plant if input are bounded, output will remain bounded.
Therefore no constraints are required at the output. The constraints are summed up in the table
5.2;

Min | Max | Min rate | Max rate
mvggc | 0.013 | 0.133 | -0.013 0.013
mugay | 0.077 | 0.767 | -0.367 0.367
mugga | 0.003 | 0.033 | -0.008 0.008
(muspc + musav + musea) Quar < Qin(t)

Table 5.2: Constraints on manipulated variables

5.2 Parameters optimisation

We are left with 11 parameters; 2 weights for output tracking, 6 weights for manipulated variable
tracking and control moves and 3 parameters for sampling time, prediction horizon and con-
trol horizon. Since we are not interested in input variable tracking we can set the 3 weights to zero.

We decided to separate the optimisation of the remaining parameters as follows; first sam-
pling time, then prediction horizon and control horizon. We then focus on weights for output
tracking and weights on control moves independently, before optimising their relative weight.

Sampling time

The sampling time is generally the first parameter chosen in the design of the MPC and is kept
constant while tuning the other parameters. In fact, the sampling time will influence the plant
dynamic; kept too high, MPC won’t be able to measures rapid disturbances, while set very
low; the performance will reach a limit depending of the model dynamic and it will increase
computation effort.
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In fact, if we consider the extreme case where Ty = 0, we know perfectly the output how-
ever we will need an infinite amount of memory to keep track of the information. On the other
hand when T become infinite we are not provided with output measure and thus not able to
control the network properly.

It’s common practice to set Ts between 10 and 25% of the desired closed loop response time
which in our case correspond to approximately one day. Our first guess is 1/10 day and in order
to find the best sampling time, we tried different Ts while keeping the same time frame of 10
days. We then compared the choices based on root mean square error criteria.

Regarding the other parameters we considered identical weights and control horizon of 1. The
prediction horizon p is fixed for a given time frame 7'y and sampling time since;

Ty = pT;

We observe on the graph 5.2 a parabolic curve with a minimum at sample time of 1 day and
saturation trend when T increases. We see as expect that small T are preferred, however we
observe an increasing for values lower 1 day. In fact, this is due to the inherent to the length of
stay in the wastewater treatment plant. This latter depends of the flow and treated volume in
the WWTP and the sludge retention time (SRT).

It can be approximated by the ratio between the volume and the input flow for each of
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Figure 5.2: Root mean square error in function of the sampling time

the WWTP. It is minimal for SEG due to the low input flow and is equal to approximately 1 day.
Considering sampling time below 1 day will actually make the MPC more sensitive to model and
external disturbance (flow and concentration variation of the Seine and the Oise) and fool the
effective impact of the control move on the plant.

The saturation trend is explained by the reducing impact of the control move on the dynamic
compared to the flow variations at the input of Clichy and in the Seine.

Prediction horizon
The prediction horizon, p, is the number of future control intervals the MPC controller must
evaluate by prediction when optimising its MVs at control interval k. Traditional tuning rule
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recommends to set it early in the design so that pTy, the time frame is equal to the desired
closed loop response. Particular care has to be considered when setting p so that the controller
is internally stable and anticipates constraint violations early enough to allow corrective action.

We observe on the figure 5.3 a reduction of the RMSE as p increases; however the differ-
ence is not very significant. Actually the model is not able to predict daily variations at the input
of Clichy or in the Seine and therefore sampling below one day is ineffective. It may though have
an impact if we want to increase the horizon prediction since it limits this latter.
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Figure 5.3: Root mean square error in function of the prediction horizon

Control horizon

The control horizon, m, is the number of manipulated variables moves to be optimised at control
interval k. It must be lower or equal to p and promotes internal stable controller and robustness

to disturbance if small. Large m increases the computation complexity; however controller tends
to be more ’optimal’.

We observe on the figure 5.4 that the RMSE slightly increases with the control horizon before
saturating. This results again from the daily variations at the input of Clichy and in the Seine.
In our situation, robustness is important and Control horizon should be equal to 1.

Weights on the measured output

Playing on the measured output weights will allow us to give less or more influence on the
ammonia nitrogen or the nitrite. To reduce concentrations of N H, , we would intuitively treat
all the water however at the cost of higher concentration of N0O; and NO3 due to the conversion.
Therefore, to reduce the concentration of N0, , we would reject directly the water in the Seine.
This trade-off is observable on the figures 5.6 and 5.5 obtained by considering one weight at a
time on the third scenario.

When only the concentration of NO; is considered (figure 5.5), all the WWTPs works at 10% of
their maximal flow. The concentration of NO; is well below good state limit, however, resulting

from the important wastewater discharge, N H. j and BOD concentrations are above their good
state limit. The RMSE obtained is equal to 1.86.

On the other hand, when only N H} is considered (figure 5.5), all the WWTPs tend to work at

29



0.644

0.64395

RMSE

0.6439

T ——— g

0.64385 - * * : * *
0 10 20 30 40 50 60 70

Figure 5.4: Root mean square error in function of the prediction horizon

My move normalized against maximal flow of each WWTP

i ;
| SEC SAV SEG
05 1]_ 1
a 1 1 1 1
Now 12, 2010 Dec 10, 2010 Jan 07, 2011 Felb 04, 2011
- Distribution of the flow
. ; ;
05k | SEC SAV SEG directly rajected ||
=
Now 12, 2010 Dec 10, 2010 Jan 07, 2011 Felb 04, 2011
Concentrations of BOD, NH4, NO2 at Triel
510 MPC — — — Good stata fimit Data |}
_E 1 - :,'vv
asS -~~~ -~~~ JWQD?GL - -
[&]
o al 1 1 1 |
Now 12, 2010 Dec 10, 2010 Jan 07, 2011 Felb 04, 2011
j T T T
w2 i
E
+ 1 % 4
E '_ _________ o T e
= 0 1 ! ! |
Now 12, 2010 Dec 10, 2010 Jan 07, 2011 Felb 04, 2011
:'35| T T T
&
a
Z , ; . s
Now 12, 2010 Dec 10, 2010 Jan 07, 2011 Felb 04, 2011

Figure 5.5: Control moves, distribution and measured concentrations at Triel for [W, oy WNO;]
= [0 1] - Scenario 3

their maximal flow. Wastewater discharged is observed due to the flow variation at the input
of Clichy and the assessment of new control move every day (sampling period). This time, the
concentration in NH, j and BOD is below the good state limit at the cost of concentration
exceeding in nitrite at the beginning and the end of the period considered. The RMSE obtained

is equal to 0.33.

This tends to indicate that weight on NH I should be larger that the weight on NO, . This is
corroborated for the three scenarios by the evolution of RMSE against increasing weight ratio on
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Figure 5.7: Root mean square error in function of the weight ratio between N H, I and NO, in

logarithmic scale

NH; and NO; (figure 5.7). As a result we decided to set the weight on NH, concentration

oves, distribution and measured concentrations at Triel for W, HY WNO;]
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five times greater than NO, one.

Weights on the manipulated variables rate

Traditionally set to identical value of 0.1, large manipulated variable rate are used to avoid
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large and unnecessary increments. More conservative increments provides more robust controller
performance but poorer reference tracking. We considered identical weight of 1 for NH 2‘ and
NO; and optimised the ratio between the manipulated variables rate while keeping their relative
importance with the measured output constant. The optimal ratios found are;

WAmUSEC = WAWUSEG = O~04WAmvSAV

Wee see that SAV control move should be more penalised. Actually SAV can treat flow approxi-
mately 6 times larger that SEC and 20 times larger than SEG. When large flow variation occur
at Clichy, SAV input flow will more likely fluctuate. This may keep SAV away of its nominal
working condition impacting therefore its performance.

Increasing the weight on SAV manipulated variable rate, will allow to dispatch more the flow
variation on SEC and SEG, keeping SAV close to its nominal working condition.

Relative weight between measured output and manipulated variable rate

After optimising independently the weight ratio on the measured output and on the manipulated
variable rate; we can tune their relative importance. We observed that optimum ratio is different
regarding the season. During rainy season large flow variations occurs at Clichy. Moreover, the
Seine flow is important and the effluent are more diluted leading to less constraints on the output.
In this condition more weight have to be put on manipulated variable rate to keep them close to
their nominal working condition.

At the opposite during dry season, the constraints on effluent concentrations are harder and
more weight have to be put on the output. The optimal relative weight is equal to 0.04 in rainy
season (figure 5.8) and 5 in dry season (figure 5.9).
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Figure 5.8: Root mean square error in function of the relative weight between the output and
the manipulated variables rate rate in rainy season

Summary and evaluation of the parameter optimality

All the optimised parameters are summed up in the table 5.3. To evaluate the optimality of the
parameters, we compared it to solution obtained using fuzzing methodology. This software-based
technique used to find vulnerabilities in a program. [40].
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the manipulated variables rate in dry season

The idea is to generate randomly a huge number of set of parameters (=generation-based
fuzzer) and compared the computed RMSE value against our optimal one. We also mutated
random parameters from our optimal solution multiple times (=mutation-based fuzzer) and
again compared it to our optimal solution. We observe that some parameter variations led to
slightly lower RMSE however only for some scenario. For example, setting Wamu4,,, = 5 will
decrease the RMSE of the first scenario by 0.0001 but will increase the RMSE of the second
scenario by 0.01.

T,

m

W

Wyo;

WAmUSEC

WAmUSAV

WAmUSEG
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1

1

0.04]5

0.008 | 1

1

25

1

Table 5.3: Optimised parameters of the MPC; on the left for rainy season and on the right for

dry season
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Chapter 6

Results

6.1 Performance criteria

To measure the performance of the MPC control law we address two new criteria. The first one
is computed relatively to the good state limit for each effluent concentration;

Xgst — X

Perf = X
gs

where X is the effluent concentration at one of the measurement point and Xy is the corre-
sponding good state limit, both expressed in [mg/L].

The second criterion is computed as a gain relatively to the real measurement and control
that has been applied to the WWTN;

Xreal - X

Gain =
Xreal

where X is the effluent concentration at one of the measurement point and X,.,; is the corre-
sponding real concentration at the same measurement point, both expressed in [mg/L].

Note that both criteria can be negative and will correspond to poorer performance; i.e respectively,
concentrations above good state limit or above real measurement.

6.2 Result for rainy periods

We will in this part the results, observations and conclusion for the third scenario. Note that same
conclusion may be drawn from the second scenario. Let’s first observe that the concentration of
NOj at Triel is, as expected, below good state limit (figure 6.1). This is also the case for T'S.S
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—40
g2
.—SD -
8 e
W

= . --"MA‘_\J

20 [

10 : ! :
Mow 12, 2010 Dec 10, 2010 Jan 07, 2011 Feb 04, 2011

Figure 6.1: Concentration of NOj3 at Suresnes, in the Oise and at Triel for scenario 3
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expect for the periods when the Seine and the Oise are above good state limit (figure 6.2). As
explained in the section 5.1, concentration resulting from dilution of two flows is bounded by
the minimum concentration, which in this situation, is above good state limit. Regarding the

Suresnes & Oise

200 ¢
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0
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100
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Jan 07, 2011 Feb 04, 2011

Figure 6.2: Concentration of T'SS at Suresnes, in the Oise and at Triel for scenario 3

concentrations of BOD, NH; and NO; at Triel, we see on the figure 6.3 that they are most of
the time below good state limit. We see on the first day exceeding in BOD and NH, above
good state limit which comes from the initialisation of the model. At the beginning the measured
outputs are at zero and manipulated variables initialised at their nominal value. It’s really on
the second day that the MPC control law is synthesised and that a resorption of the error is

observed.
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Figure 6.3: Concentrations of BOD, NH; and NO; at Triel for scenario 3

Some exceeding above good state limit can be observed on the real measurements at the beginning
of the period. Those excess are also present in the MPC control law, however they are less
important and localised on smaller periods. This excess result actually from a combination of
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Nutrients | Perf [%] | Gain [%]
TSS 11.59 11.34
BOD 35.03 -28.89
NH 18.3 -4.79
NO, | 2935 | -15.17
NO3 53.52 3.68

Table 6.1: Mean performance criteria for each of the concentration - scenario 3

high concentrations of nitrite and Ammonia nitrogen at the input of Clichy as we can see on the
figure 6.4.
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Figure 6.4: Concentrations of NH;” and NO, at the input of Clichy for scenario 3

The mean performance criteria for each of the concentrations are reported in the table 6.1. We
observe that in average the concentrations are between 11 and 53% below the good state limit. For
the BOD, NH j and NOj , we are in average between 5 and 30% less good than the real measures.
This may come from poorer control moves due to model approximations; no storage bays, travel-
ling time, WWTP model,... However, this should most likely come from the real measurement
itself which are done once a week, and are therefore unable to describe daily or hours fluctuations.

Finally regarding the control moves, we observe as expected from the choice of parameters
that the manipulated variable on SAV is keeping SAV close to its nominal working point while the
flow variation is dispatched on the two other WW'TPs. The distribution of the flow is relatively
steady for the real measurements; SEC, SAV, and SEG treat respectively 13.3%, 85.6% and
1% of the flow. Also very small percentage is directly rejected in the Seine. At the opposite,
The MPC plays with the flow treated and discharged to minimise the objective function on the
measured output and manipulated variable rate.

6.3 Result for dry period

As observed for the rainy periods and as expected, concentrations of 7'S'S and NO3 are well
below their good state limits (figure 6.6). Regarding the concentration of BOD, we observes that
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Figure 6.6: Concentrations of T'S\S and NOj at Triel for scenario 1

good state limit is well respected expect for periodic peaks. On the other hand, the concentrations
of NH j and NO, are most of the time below the real measurements; however MPC law is not
able to achieve concentrations below good state limit 6.7. These excesses actually result from a
combination of high concentration nitrite and Ammonia nitrogen at the input of Clichy as we can
see on the figure 6.8. Moreover, during the dry season the Seine flow is much lower that during
rainy periods, reducing therefore the dilution capacity of the Seine. Note that peaks results
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Figure 6.7: Concentrations of BOD, NH, and NO; at Triel for scenario 1

actually from the overtaking of NO, concentration above good state limit. Those observations

)
=200 J
E
2 1001 | Clichy = — = Good slate limi |
m
o e e wew e mew s mew ] wew mew mew mew | s mes mes e (e s s s few wes s e mej s
Mar 02 Mar 16 Mar 30 Apr13 Apr 27 May 11 May 25
2009
— 50
=
[=)
E
+
=
T
=
ﬁ b aul 1 1 = e
Mar 02 Mar 16 Mar 30 Apr13 Apr 27 May 11 May 25
2009
g{:.s
o
E
a
(@]
=
0 L L . . L L
Mar 02 Mar 16 Mar 30 Apr13 Apr 27 May 11 May 25

2009

Figure 6.8: Concentrations of NH, and NO; at the input of Clichy for scenario 1

are confirmed by the performance criteria reported in the table 6.2. BOD, T'SS and NO5 are
in average between 33.65 and 75.42 % below good state limit. However, due to periodic peaks
BOD concentration increases in average of 145% compared to real measurements. On the other
hand, MPC law improves the results on N H, and NOy by approximately 15%.

Finally regarding the control moves, we observe, that more moves are allowed on SAV ma-
nipulated variable; compared to the situation in rainy conditions. This comes from the chose of
MPC parameter. As a result SEC and SEG are less sensitive to flow variation and are more
likely to remain at their maximal working condition.

The distribution of the flow for the real measurements does not seem to change from the rainy
periods; SEC, SAV, and SEG treat respectively 13.3%, 85.6% and 1% of the flow. On the other
hand the MPC law is now less likely to reject wastewater directly in the Seine as output tracking
have more weight in the objective function and dilution capacity of the Seine decreases. Again,
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Nutrients | Perf [%] | Gain [%]
TSS 75.42 -3.92
BOD 33.65 -145.2
NH}f -16.54 17.27
NO, | 2946 | 1401
NO; | 5426 | 985

Table 6.2: Mean performance criteria for each of the concentration - scenario 1

the periodic peaks can be correlated to the overtaking of NO, above good state limit at the
input of Clichy.

Mv moves normalised against the maximal flow of each WWTP
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Figure 6.9: Manipulated variable moves normalised against each of the WWTP, and distribution
of the flow with MPC and for real measurements - scenario 1
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Chapter 7

Conclusion

This master thesis had for ambition to find a control strategy to optimise the partitioning of the
sewage between wastewater treatment plant controlled by the STAAP in the Paris agglomeration.
We first started by looking in the literature for control strategy candidate and finally selected
Model predictive control which, widely applied to the industry, demonstrated high capability
to deal with constraints in an optimal fashion and complex plant. We then reviewed the main
MPC subclass techniques and presented its most common formulation.

We then expressed the MPC in the form of quadratic programming optimisation problem and
studied feasibility and stability properties related to it. We also looked at the specificities of the
model predictive control toolbox of Matlab upon which we relied for this work.

Requiring an internal model of the plan for the MPC, we decided next to examine more closely
the wastewater treatment network of the STAAP. We concentrated our study area to the west
part of the network which contained the most important treatment facilities and reduced it to a
simple model with one input node, three wastewater treatment plant and 5 measurement points.

Based on a simple model of WWTP developed by Robles-Rodriguez et al in 2018, we demon-
strated that our model reproduces very well the dynamics of total suspended solid, biological
demand in oxygen, ammonia nitrogen nitrites and nitrates. The efficiency of model was evalu-
ated on real measurements by the use root mean square criterion.

We then selected 3 scenarios to parameter the MPC and evaluate its control law. A systematic
approach has been proposed for MPC parameters tuning; a first restriction is made on the pa-
rameters based on physical constraints and limitations of the plant. The remaining parameters
separated and ranked based on their relative influence on the plant dynamic. Each parameter
are then optimised independently by dynamical simulation. The performance of the control law
with a given set of parameters is addressed by a quality function while ensuring robustness and
stability of the controller.

The efficiency of the obtained parameters were evaluated using fuzzy methodology with both
generation-based fuzzer and mutation-based one. The MPC control law has finally been evalu-
ated on both dry and wet conditions and compared to real data provided by the SIAAP. The
control law has showed performance above 18% regarding the good state limit under rainy con-
ditions and an increase of 15% of the performance under dry conditions for.

At this point we demonstrated that the MPC law tends in average to improve performance

of the wastewater treatment network. However it must be remembered that we wasn’t able
to really compare on daily basis the effect of the control law since real measurement are made
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only once a week at each of the measurement points. Moreover, experimental test should be
carried to address real performance of the control law and measures its robustness against model
disturbance.
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Tables

Table 1: Calibrated values for kinetic and stoichiometric parameters

Parameter Unit SEC SAV  SEG
P1,max mgOs/(mgX — d) 399 256 1.93
P2,max mgNH,/(mgX —d) 0.84 0.83  0.89
P3,max mgNQOy/(mgX —d) 1.68 1.27 0.92
P4, max mgNOs3/(mgX —d) 121 1.38 0.85
KBOD mgOQ/L 13.67 11.65 14.26
Kny mgNH,/L 6.59 14.98 8.53
Knoo mgNOy/L 2.46 1.15 2.55
Kno3 mgNO;/L 140 2.69  4.20
Yx/Bop mgX /mgOs 0.67* 0.67* 0.67*
Yx/NH mgX /mgN Hy 0.24* 0.24* 0.24*
Ynma/no2 mgNHg/mgNO; 0.28 0.25 0.27
Ynoz/nos mgNOz/mgNO3 0.68 0.64 0.70
Sd - 35.8 14.8  38.2
b 1/d 0.10* 0.10* 0.10*
Ix - 0.08* 0.08* 0.08*

*Parameters taken from [41]
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