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Abstract

The present work studies the controller selection
considering both the local control loop point of
view and , but also a global process approach.
This work was carried out in a wastewater treat-
ment plant, focusing on the of dissolved oxygen
control loop. The control loop was approached
by means of two control strategies. The multi-
objective genetic algorithm εv-MOGA was used
to analyzed the trade-off involved on both ap-
proaches. The findings show that a optimal con-
troller solutions obtained maintain their optimal-
ity regardless of the framework in which they are
evaluated (local vs globlal), therefore showing that
tuning on the basis of control loop indicators is
also valid for the global plant perspective.

Keywords: Wastewater treatment plant; Multi-
objective optimization; Genetic algorithms .

1 Introduction

The wastewater treatment is a large complex
process involving a mechanical physical, biological
and chemical process. Due to its environmental
impact and the continued tightening of pollution
control policies, improving plant performance is
getting more relevant. Instrumentation, control
and automation may increase the capacity of bio-
logical nutrient removal of wastewater treatment
plants by 10-30% [9]. In the literature, several
variables were studied as manipulated variables:
Dissolved Oxygen (DO) concentration, internal
recycle flowrate, sludge recycle flowrate and
external carbon dosing rate. This work focuses
in the dissolved oxygen control, since it is the
most wide-spread strategy in real-scale plants
and one of the more deterimnant control loop in
wastewater treatment plant [10].

In the process of tuning a controller for a feedback
loop is most commonly spread to focus only on
the requirements of the control loop in which it
is located and ignoring other posible loop also
present. But in such a complex process where

various existing dynamics interact with each
other, the controller can be tuned only focusing
on accomplishing the control loop criteria or on
the overall process performance criteria. Both
points of view will result in identical , or similar,
tunings if the loop is highly determinant of the
overall process performance.

Each one of these approaches is associated with
conflicting objectives wich should be optimized
simultaneously. To solve each of these, a dif-
ferent multi-objective optimization problem is
stated. Unlike single-objective techniques that
join all competiting objectives into one, to gen-
erate a unique optimal solution, multi-objective
techniques provide a set of optimal solutions,
known as Pareto set. The representation of
the Pareto set in the objective function space
is called the Pareto front. Each point of the
Pareto front represents a different trade-off
between the conflicting objectives, in which
any improvement in one objective result in the
degradation of one or more of the other objec-
tives. This way the decision maker can select
the best final solution according to its preferences.

The use of evolutionary algorithms (EAs) to
solve complex multi-objective probems have been
motivated mainly because of the population-
based nature of EAs wich allows the generation
of several elements of the optimal Pareto set in
a sigle run [2]. In literature , it can be found
different multi-objective evolutionary algorithms
(MOEAs)[2]: MOGA , NPGA, NSGA, PAES,
NSGAII, SPEA. In this work, the ε-multi-
objective genetic algorithm variable (εv-MOGA)
[8] has been selected. It is a new MOEA based on
the concept of ε - dominance, having the following
main features: capability to characterize all kind
of Pareto fronts (non convex, discontinous, etc),
adapting the extremes of the Pareto front with
independence of the parameters, the memory
requirements are always bounded, obtaining a
reduced but well distributed representation of the
Pareto front.
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On the basis of the previous premises, in this
work, the cost/performance trade-off is analyzed
both of local and global levels. The analysis will
relate the corresponding Pareto front in order to
see if the controller selection may leed to different
trade-off solution depending on the adopted point
of view. Therefore what will be compared will not
be single tunings but tradeoff spaces represented
by the corresponding Pareto fronts.

The paper is organized as follows: Section 2 in-
troduces the wastewater treatment process model,
DO control strategies and local and global ap-
proaches. Section 3 focuses on the multi-objective
problem for each one of approaches: the optimiza-
tion problem formulation and the description of
multi-objective algorithm εv-MOGA. Simulation
results are presented in Section 4 where the com-
parison of the two approaches based on obtained
Pareto fronts is conducted. Finally, concluding
remarks are given in Section 5.

2 Materials and Methods

2.1 Plant layout and process model

The Benchmark Simulation Model No.1 (BSM1)
was selected to represent the wastewater treat-
ment process. It is the result of cooperation of
the working group of the IWA, the COST Action
682 and COST 624 Action. The BSM1 is a
simulation environment that defines a schema of
the treatment plant, a simulation model, influent
types, a test procedure and an evaluation criteria
[3].

The plant layout consists of a serie of five
activated sludge bioreactors, divided into two
sections: an anoxic section comprised of the first
two non-aerated mixed reactors and an aerobic
section, consisting of the last three aerated
reactors. The BSM1 combines pre-denitrification
and nitrification, which is the most common
configuration for biological nutrient removal for
full-scale wastewater treatment plant. The series
of reactors is followed by a non-reactive secondary
clarifier, that allows the separation of water from
sludge. There are both internal and external
recirculation flows. Internal nitrate recirculation
is performed from the last reactor to the first
input. While external recirculation of sludge is
made from the secondary clarifier to the process
input. A graphic description can be found in
figure 1. The Activated Sludge Model No 1
(ASM1) [4] was selected to describe the biological
reactions in both anoxic and aerobic reactors and
the double-exponential settling velocity model

[11] was chossen to simulate the secondary settler.

BSM1 was designed to treat an average influent
flow of 18,446 m3.d−1 with an average COD
concentration of 300 gm−3. The volume of each
one of the anoxic reactors is 1000m3 and that of
the aerobic reactors is 1333m3. The volume of
the secondary clarifier is 6,000 m3.

Three dynamic input data profiles have been de-
veloped to allow uniform testing and evaluation.
Each one represents different weather conditions
(dry, rain and storm events) with realistic vari-
ations of the influent flow rate and composition.
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Figure 1: Schematic representation of the BSM1
from [3].

2.2 Control of the dissolved oxygen
concentration

This work focuses on dissolved oxygen concen-
tration control because it is the most widespread
control strategy in full-scale wastewater treatment
plant. Two different configurations of dissolved
oxygen control based on PI controller are ana-
lyzed. Both strategies are shown in figure 2. The
first startegy (S1) is based on the dissolved oxy-
gen control loop propossed on BSM1. That is
controlling the dissolved oxygen at process out-
put by means of the oxygen mass transfer coef-
ficient of the last aerobic reactor (KLa5). The
KLa of the other reactors are set to 240h−1. On
the other hand, in the second configuration (S2),
the dissolved oxygen at process output is con-
trolled by manipulating the three aerobic reactors
(KLa3,4,5). For both configurations, the internal
recirculation was set to 55,338 m3.d−1, and the
influent profile consist of repeating the first day of
the dry influent over 14 days to avoid disturbances
on the relationships to be studied. A summary of
the strategies are shown in Table 1.
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Figure 2: Description of control strategies:
Strategy-1 controller (PIS1) and Strategy-2 con-
troller (PIS2)

Strategy 1 (S1) Strategy 2 (S2)

Controlled variable DO concentration DO concentration

Manipulated variable kLa5 kLa3, kLa4, kLa5

Qintr 55, 338m3.d−1 55, 338m3.d−1

kLa kLa3 = kLa4 = 240h−1 not fixed

Table 1: Dissolved oxygen control strategies.

2.3 Approaches

Since the wastewater treatment is a large complex
process, the controller performance can be ana-
lyzed from different points of view. In this work,
the selection of controller parameters was carried
out on two frameworks: Local and global perspec-
tive.

2.3.1 Local Approach (LA)

This approach is focused on the control loop. So
that, decisions are taken based on control loop cri-
teria. This can be considered as the control ex-
perts’ point of view.
From this perspective, there are two aspects to
be taken into account regarding controller perfor-
mance. One of them is the control quality by
means of deviation of measuring controlled out-
put from the setpoint. In this work, the Integral
Absolute Error (IAE) criterion was selected to rep-
resent it (1).

IAE =

∫
|ε| · dt (1)

Where ε is the error between the the setpoint and
the controlled response.

Another important factor is the energy comsup-
tion associated to the control action. Since the
variable manipulated is the oxygen mass trans-
fer coefficient, the energy consumption is mainly
caused by the aeration comsuption. And it is com-
puted acording the formula described on BSM1

(2).

AE =
SsatO

tobs.1.8.1000

t=14days∫
t=7days

5∑
k=1

Vas,kKLak (t) · dt

(2)
Where SsatO is the oxygen saturation level, Vas,k
and KLak are the volumen and the oxygen trans-
fer coefficient of the reactor k, respectively.

2.3.2 Global Approach (GA)

From this perspective, all processes involved
along the watewater treatment are considered
as a unique unit. So that, decisions are taken
based on the plant operation criteria. This can
be considered as the treatment process experts’
point of view.

In this approach, the controller performance can
be evaluated by means of indicators describing the
overall performance of the wastewater treatment
plant as a whole. For this purpose, Effluent Qual-
ity Index (EQI) and Overall Cost Index (OCI) as
they are described on BSM1 are used. EQI in-
dicates the quality of the effluent water ). OCI
represents the cost associated on the. They are
stated by (3) and (4) respectively.

EQI =

1

tobs.1000

t=14days∫
t=7days

( BTSS.TSSe(t)+BCOD.CODe(t)

+BNKj
.SNKj,e

(t)+BNO.SNO,e(t)

+BBOD5.BODe(t)

)
Qe(t)·dt

(3)

Where Qe(t) is the effluent flow rate ; TSSe(t),
the total amount of solids present in the ef-
fluent; CODe(t), the chemical oxygen demand;
SNKj,e

(t), SNO,e, Nitrate and nitrite nitrogen con-
centration and BODe, biochemical oxygen de-
mand . Bi are weigthing factor for different
types of pollution to cnonvert them into polllu-
tion units.respectively.

OCI = AE + PE + 5.SP + 3.EC +ME (4)

Where AE is the areation energy ; PE, the pump-
ing energy; SP, sludge production, EC refers to
energy comsumption due to external carbon and
ME , the mixing energy.

3 Multi-objective Problem

On the basis of the previous section, in each
approach, a different multi-objective problem is



Actas de las XXXV Jornadas de Automática, 3-5 de septiembre de 2014, Valencia
ISBN-13: 978-84-697-0589-6 © 2014 Comité Español de Automática de la IFAC (CEA-IFAC)

stated to analyze the trade-of between its conflict-
ing objectives. On the following subsections, the
the multi-objective problem formulation and the
optimization algorithm selected to solve it are pre-
sented.

3.1 Optimization algorithm

The ε-multi-objective genetic algorithm variable
(εv-MOGA) has been designed to achieve a
reduced but well distributed representation of the
Pareto front [8]. The algorithm adjusts the limits
of the Pareto front dynamically and prevents the
solutions belonging to the ends of the front from
being lost[6].

Let a multi-objective problem be stated as follows:

min
θ∈D∈RL

J(θ) = min
θ∈D∈RL

[J1(θ), J2(θ), . . . , JS(θ)]

(5)

where Ji(θ), i ∈ B := [1 . . . s], are the objec-
tives to optimize and θ is a solution inside the L-
dimensional solution space D. The objective space
is split up into a fixed number of boxes. For each
dimension i ∈ [1 . . . s], n boxi cells of εi width are
created where

εi = (Jmaxi − Jmini )/n boxi,

Where Jmaxi and Jmini are the maximun and min-
imun value of J for each dimension i, respectevily.

This grid preserves the diversity of J(Θ∗P ) since
one box can be occupied by only one solutiom.
This fact prevents that the algorithm converges
towards just one point or area inside the objective
spaces ( figure 3). The concept of ε-dominance is
defined as follows: for a solution θ ∈ D, boxi(θ) is
defined by

boxi(θ) =

[
Ji(θ)− Jmini

Jmaxi − Jmini

.n boxi

]
(6)

Let box(θ) = {box1(θ), ..., boxs(θ)}. A solution θ1

with value J(θ1) ε-dominates the solution θ2 with
value J(θ2), denoted by θ1 ≺ε θ2, iff

box(θ1) ≺ box(θ2 ∨ (box(θ1) = box(θ2) ∧ θ1 ≺ θ2)

Hence, a set Θ∗P ⊆ ΘP is ε-Pareto if and only if
∀θ1, θ2 ∈ Θ∗P , θ1 6= θ2,

box(θ1) 6= box(θ2) ∧ box(θ1) ⊀ε box(θ2) (7)

This algorithm is composed of three population:
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Figure 3: The concept of ε-dominance. ε-
Pareto Front J(Θ∗)P in a two-dimensonal prob-
lem. Jmin1 ,Jmin2 , Jmax1 , Jmax2 , Pareto front lim-
its; ε1, ε2 box widths; and n boxi, n boxi , num-
bers od boxes for each dimension.

1. Main Population P (t) explores the searching
space D during the algorithm iterations (t).
Population size is NindP .

2. Archive A(t) stores the solution Θ∗P . Its
size NindA can be variavle and will never be
higher than.

Nin max A =

∏s
i=1 n boxi + 1

n boxi + 1
(8)

where n boxmax =
max([n box1, . . . , n boxs]).

3. Auxilary population G(t). Its size is NindG,
which must be an even number.

The pseudocode of the εv-MOGA algorithm is
given by:

1. t:=0
2. A(t):=∅
3. P(t):=ini random(D)

4. eval(P(t))
5. A(t):=store ini(P(t),A(t))

6. while t<tmax do

7. G(t):=create(P(t),A(t))

8. eval(G(t))

9. A(t+1):=store(G(t),A(t))

10. P(t+1):=update(G(t),P(t))

11. t:=t+1

12. End while

A comprehensive description of the algorithm can
be found in [5].

3.2 Decision Varibales

Since the choice of controller parameters are deter-
minant in the PI-controller performance, the con-
troller gain (Kp) and the controller integral time
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contant (Ti) are selected as decision variables. The
default case represents the default parameter val-
ues for the dissolved oxygen PI controller proposed
by BSM1. The default case is a reference for com-
parison with further developments. In table 2 can
be found a summary of the desicion variables and
the default case.

Variable Default case Optimization range

Min Max

Controller gain Kp 25.00 0 100.00

Controller integral time constant Ti 0.002 0.0001 10.00

Table 2: Decision Variables for optimization prob-
lem

3.3 Optimization problem formulation

In order to analyze the controller performance for
each approach, two different optimization prob-
lems with a different objective set are stated.

3.3.1 Optimization problem: LA

From this perspective, there are two conflicting
objective functions IAE and AE, (1) and (2) re-
spectively. Let Set1 = {IAE,AE}. The main ob-
jective in this perspective is to achieve the great-
est possible reduction of Set 1, i.e., to obtain the
minimum value of both IE and AE simultaneously.
However, this scenario is an ideal situation. To an-
alyze the trade-off between them, it is set a multi-
objective problem (MOP1) which aim is to mini-
mize the integral absolute error and to minimize
the energy comsuption subject to the model equa-
tion described on BSM1. MOP1 is stated by (9).
The decision variables are bounded according to
table 2.

MOP1 : Minimize
Kp,Ti

J = Set1

subject to:

BSM1 model equations

Bound on the decision variables:

0 ≤ Kp ≤ 100,

0 ≤ Ti ≤ 10,

(9)

3.3.2 Optimization problem: GA

From this perspective, there are two conflicting
objective functions EQI and OCI, (3) and (4).
Let Set2 = {OCI,EQI}. Like in the previous
perspective, to achieve the greatest possible re-
duction of both OCI and EQI is an ideal situation.
A multiobjective function optimization (MOP2) is
formulated where the aim is to minimize the efflu-
ent quality and to minimize the operational cost,

Objective set Objective functions

Set 1 IAE

Local Approach Aeration Energy

Set 2 EQI

General Approach OCI

Table 3: Description of objective sets

subject to the model equation described on BSM1.
MOP2 is stated by (10). The decision variables
are bounded according to table 2.

MOP2 : Minimize
Kp,Ti

J = Set2

subject to:

BSM1 model equations

Bound on the decision variables:

0 ≤ Kp ≤ 100,

0 ≤ Ti ≤ 10,
(10)

A summary of the optimization problems can be
found in Table 3.

3.4 Algorithm parameters

Due to the computational cost involved in the sim-
ulation of BSM1 model, a balance between compu-
tational demand and the εv-MOGA performance
should be achieved. The algorithm parameters
were selected to maintain this balance. The num-
ber of generations was set to 600 with an initial
population size of 45. A mutation probability of
0.1 and a crosover probability of 0.25 are selected.

4 Simulation Results and
discussion

The εv-MOGA algorithm is applied to the
proposed multi-objective problems proposed at
both local and global. The plant simulation was
carried out folllowing the procedure described by
the BSM1, i.e. a 100-day period of stabilization
under a constant influent was completed before
using the dry weather profile during 14 days
followed by the weatherfile to be tested. The
influent profile consist of repeating the first day
of the dry weather file over 14 days. For both
configurations, the internal recirculation was
set to 55, 338m3.d−1. For all expereriments,
the range of the decision variables (parameters
Kp and Ti) was according to Table 2. The
experiments were divided into 2 parts. The first
step consisted in choosing a controller tuning for
strategy S1 considering both perspectives. In the
second one, these experiments were extended to
the second strategy (S2).
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4.1 Analyzing strategy 1

Both multi-objective problems (MOP1 and
MOP2) were analyzed separately considering the
strategy 1. The disolved oxygen set-point (DOref)
was fixed to 2mg/l which is the DO default set-
point in BSM1. The results obtained from MOP1
and MOP2 are shown in figures 4 and 5, respec-
tively. For both aproaches, the default tuning be-
longs to the pareto solution. The default tuning is
in the lower right of the Pareto front end, reward-
ing quality rather than associated cost. From this
it can be seen that there is a region where cost
is reduced without losing optimality in the Pareto
sense.
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Moreover, the family of optimal controllers ob-
tained from the local approach (MOP1) is rep-
resented on the global approach. This representa-
tion corresponds to the pareto front obtained from
the global approach (MOP2). It is noted that if
the values of IAE and AE of an optimal solution
decrease in the local approach, in the global ap-
proach the values of OCI and EQI also do respec-
tively. This situation also occurs in reverse, as
shown on figure 6. This fact indicates that choos-

ing a tuning from a approach is reflected in the
other one without losing optimality.

Controller selection. The Nash bargaining so-
lution [1] was used for selecting a tuning from the
Pareto front on both approach. NLA1 and NGA1

are the tunings chosen from the local and global
approach respectively. While N∗LA1

is the rep-
resentation of NLA1

in the global approach and
N∗GA1

is the representation of NGA1
in the local

approach. As shown in figure 7, N∗GA1
presents an

increment of 0.56 % of AE but a reduction of 32 %
of IAE respect to N∗LA1

. While N∗LA1
presents a

reduction of 0.12 % of OCI level but an increment
of 0.5 % of EQI level respect to NGA1

.

4.2 Analyzing strategy 2

As with Strategy 1, both MOP1 and MOP2 were
analyzed, fixing the dissolved oxygen set-point at
2mg/l. The pareto front obtained from MOP1
and MOP2 are shown in figures 8 and 9, respec-
tively. The results are similar to those obtained
on the strategy 1. Although having not been de-
signed for this strategy, the default tune belongs
to the pareto front in both approaches. It is in
the lower right corner of the Pareto front end, re-
warding quality rather than cost associated.
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Figure 7: Controller selection based on Nash bargaining solution - Strategy 1

Furthermore, in this strategy, it is also observed
a correspondence between the optimal solution of
the local and global approach (Figure 10). As in
the previous case, The values of OCI and EQI de-
creases, as do the value of AE and IAE of an op-
timal solution.

Controller selection. NLA2
and NGA2

are the
tunings chosen, using Nash bargaining solution [1],
from the local and global approach respectively.
While N∗LA2

is the representation of NLA2
in the

general approach and N∗GA2
the representation of

NGA2
in local approach. As shown in figure 11,

N∗GA2
presents an increment of 2.41 % of AE but

a reduction of 6.24 % of IAE respect to N∗LA2
.

While N∗LA2
presents a reduction of 0.61 % of OCI

level but an increment of 7 % of EQI level respect
to NGA2

.

5 Conclusions

The present work has applied the εv-MOGA al-
gorithm to wastewater treatment process to for-
mulate different multi-objective problem formula-
tions and to solve trade-offs solutions for both lo-
cal and global perspective. It allows us to analyze
controller selection considering these two frame-

works. Thus led us to the following findings:

The family of optimal controller solutions ob-
tained maintain their optimality regardless of the
framework in which they are evaluated. This fact
allows us to choose a tune only thinking about lo-
cal criteria, with the certainty that this solution
is also optimal under global criteria. Neverthe-
less, the distribution over pareto frontrier varies
depending on the framework in which it is eval-
uated, giving diferent trade-offs. Nash bargain-
ing solution was used to select a tune from the
pareto frontier of both the local and global ap-
proach. The chosen tuning gives a balanced trade-
off between the objective function of the approach
slected; whereas on the other one, prioritizes one
of the conflicting objectives.

In addition, it was observed that the default tun-
ing for the dissolved oxygen controller given by
BSM1 is an optimal solution for both strategies,
prioritizing the quality over the associated cost.
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