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This work proposes a supervisory control system based on an optimization layer to calculate the optimum
pH and dissolved oxygen (DO) set-points for the SISO controller, maintaining the process at stable partial
nitrification. Takagi-Sugeno fuzzy multimodels were implemented to estimate ammonium degradation
and nitrite accumulation from on-line DO and pH values, and updated using off-line measurements.
An activated sludge reactor was operated successfully over 115 consecutive days with the supervisory
control system, achieving ammonium degradation and nitrite accumulation values higher than 95% and
80%, respectively. The on-line estimates of the multimodels showed a prediction error of less than 7% at
steady state operation, and reflected the tendencies shown in experiment to be caused by changes in pH
value and DO concentration.

Crown Copyright © 2008 Published by Elsevier B.V. All rights reserved.

1. Introduction

The biological nitrification-denitrification process makes it pos-
sible to remove high nitrogen loads from industrial effluents
generated by, e.g. the fishing, chemical and food processing indus-
tries. During the nitrification process, ammonia-oxidizing bacteria
(AOB) oxidate ammonium (NH4*) to nitrite (NO,~), and subse-
quently, nitrite-oxidizing bacteria (NOB) oxidate nitrite to nitrate
(NO3 ™). The nitrate is then sequentially reduced by heterotrophic
denitrifying bacteria (step 1, Fig. 1) to molecular nitrogen (N5) as
the final product. As the nitrite is consumed during nitrification
and built up again during denitrification, the oxidation of nitrite
(nitratation) becomes an unnecessary step [1], since it is feasible
to denitrify the nitrite directly to molecular nitrogen, as shown in
Fig. 1 (step 2). Partial nitrification to nitrite (step 2) has three prac-
tical advantages: 25% lower oxygen consumption, 40-60% lower
need of organics for denitrification, and lower sludge production
[1].

In order to achieve partial nitrification, attempts have been
made to inhibit or limit nitratation (NOB) (step 1, Fig. 1) by apply-
ing low concentrations of oxygen (<2 mg 0,/L) and high pH values
(>8) [2]. It has been found, however, that the nitrifying bacte-
ria somehow become acclimatized to these conditions [3], and
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nitrite accumulation is reduced in the long term. The hypothesis
is therefore proposed that the establishment of unfavourable envi-
ronmental conditions for NOB bacteria may avoid acclimatization
and maintain inhibition on a long term-basis. Using a process con-
trol approach, this study proposes the development of a supervisory
system which uses an optimization layer to set pH and DO values
in order to establish environmental conditions favourable to AOB
growth and unfavourable to NOB growth [4-6].

Supervisory systems have been developed to improve the per-
formance and increase the operational reliability of the plants.
Supervisory control systems include process monitoring, fault diag-
nosis, process optimization, set-point generation for SISO control,
and decision support [7].

Some supervisory control strategies in large-scale plants require
on-line ammonium, nitrite and nitrate measurements [8], which
involves major investment. To confront this problem, authors such
as Tomiello et al. [8], Pirsing et al. [9], and Jianlong and Ning [10],
have made use of two types of experimental measurements: on-
line, e.g. DO, pH and temperature measurements; and off-line, e.g.
daily analyses of substrate concentrations. This approach has also
been adopted in industrial-scale facilities [8].

Rodriguez-Roda et al. [12] propose a three level structure for a
supervisory control system in an activated sludge process. There
is a lower layer for data gathering, including on-line data acqui-
sition, SISO control, and off-line data obtained from laboratory
analysis. The intermediate layer consists of an expert system and
a case-based reasoning system for the diagnosis and detection of
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Nomenclature
AOB ammonia-oxidizing bacteria
AIC1 controller device to regulate pH by manipulating the

addition of carbonate

AIC2 controller device to regulate the dissolved oxygen in
the reactor by manipulating the airflow injected

Cnp,+  inlet ammonium concentration in the reactor
(mgN/L)

CNH,* R ammonium concentration in the reactor (mgN/L)

Cno,-,r  Nitrite concentration in the reactor (mgN/L)

CNO;~ R nitrate concentration in the reactor (mgN/L)

dissolved oxygen (mg/L)
DO* AIC2 controller set-point (mg/L)

G(s) transfer function

NOB nitrite-oxidizing bacteria

pH* AIC1 controller set-point

Qc carbonate inflow to the reactor, variable manipu-
lated by AIC1 controller

Qa airflow supplied to the reactor, variable manipu-
lated by AIC2 controller

T reactor temperature (°C)

Greek letters

o ammonium oxidation index

9] estimated ammonium oxidation index, local esti-
mation of the multimodel

B nitrite accumulation index

B estimated nitrite accumulation index, local estima-

tion of the multimodel

anomalous situations. At the highest level, mathematical models
are used to predict and search for optimum operating conditions.

A decision support level can be constructed based on expert sys-
tems [8,11,13-16]. Pires et al. [14] propose a fuzzy control system
based on manipulated variables, such as the external recycle and
by-pass flow rates, to ensure low concentrations of nitrate, nitrite
and COD in the plant effluent. Tomiello et al. [8] use fuzzy rules of
the Takagi-Sugeno type to determine the set-points of SISO con-
trollers for oxygen and biomass concentration, in order to maintain
a high COD range and total nitrogen conversion. Serralta et al. [17]
incorporate a supervisory control using knowledge-based systems
[18] and activated sludge models like the ASM1 [19] to modify the
DO set-point when a change in the inlet concentration of ammo-
nium occurs. Rodriguez-Roda et al. [12] also report a supervisory
system using the ASM1 model to search for optimum operating
conditions. Because the structure of these white box models is very
complex, the number of scenarios evaluated is limited.

The use of an optimization layer at decision support level has
been reported, principally in batch processes [20-22]. Coelho et

Nitrification
02

o COD
. Denitrification
Step 1
xoB!

NH} —2 N0, —%5NO; ——> NO, ——NO——N,0——N,

A

Step 2

Fig. 1. Integrated nitrogen removal. Step 1: classical nitrification-denitrification and
step 2: short-cut via nitrite accumulation.

al. [20], Kim et al. [21] and Chachaut et al. [22] manage to reduce
aeration time and total batch time in a Sequencing Batch Reactor by
means of non-linear optimization. Instead of white box models, we
propose to use fuzzy logic such as Takagi-Sugeno multimodels [23].
These models make it possible to use heuristic algorithms to search
for optimum operating conditions [24] and help to establish simpler
supervisory control systems in plants with well-known behaviour.
In an effort to innovate in the development of the decision support
level, this study proposes the following objectives:

¢ to implement Takagi-Sugeno fuzzy models capable of estimating
ammonium degradation and nitrite accumulation from on-line
DO and pH measurements;

e to implement a self-tuning technique to set parameters from
experimental data, enabling the models to adapt to new operating
scenarios;

¢ to develop a supervisory system using heuristic optimization to
search for DO and pH set-points, leading to efficient operation of
the nitrification process (high & and g indices).

In Section 2 we present the instrumentation of the activated
sludge reactor, the SISO control, the proposed fuzzy multimodels
and the optimization method. In Section 3 we present the predic-
tions of the Takagi-Sugeno fuzzy models and the operation of the
activated sludge nitrification reactor using the supervisory control
system.

2. Materials and methods

Partial nitrification was evaluated on the basis of nitrite accu-
mulation (8) and ammonium oxidation («). Nitrite accumulation
corresponds to the fraction of total ammonia nitrogen oxidised to
nitrite, as a function of total oxidation to nitrite and nitrate. Thus
the efficiency indices o and 8 were calculated as follows:

CNO,~ R
=—2—  0<B<1 (1)
CNH, R T ONO3— R
CNH4+,0 — ONHy* R
a:#, O<a<1 (2)

CNH,4*,0
2.1. Reactor and instrumentation

The nitrification process was carried out in a laboratory-scale
activated sludge system, consisting of a 2 L reactor with a 1 L settler.
The plant schema and its instrumentation are presented in Fig. 2.
The reactor was kept homogenized by a mechanical stirrer (HEI-
DOLPH, RSR 2050, Germany) at 360 rpm. The temperature (T) was
controlled by means of a thermostat (Julabo, Model EC, Germany).
The on-line measurement and transmission of T/pH and dissolved
oxygen (DO) were effected by two electrodes (HACH, EC 310, USA,
and WTW, Oxi 701, Germany, respectively). The pH was controlled
by the addition of Na,CO3 0.2 M using a diaphragm pump (LANG,
type ELADOS EMP 11, 41 L/h, Germany). Aeration was supplied by an
aquarium aerator (COSMOS double type 1000, China) and effected
by using pulse width modulation (PWM) for pneumatic valve open-
ing (Festo, 457, MSG-24DC, Germany). Furthermore, the system was
automated by the use of a PLC (Siemens, Simatic S7-200, CPU 214),
operated with a PC/PLC interface programmed in MATLAB® 6.5. The
T, pH, consumption of Na,; CO3 solution, and DO concentration were
measured and recorded on-line approximately every second by the
KepServer data acquisition program [25]. Communication between
MATLAB ® (client) and the KepServer (server) was effected by using
DDE (Dynamic Data Exchange Protocol, Microsoft).
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Fig. 2. Schematic diagram of the instrumentation and control system of the activated sludge reactor.
Table 1 demonstrates the transfer function:
Composition of the synthetic substrate solution for the BRDR K
] : G(s)=——e™
Compound Unit Concentration s+p (3)
ﬁ;‘gﬁ%‘ G $§ IIIIA/;‘/L “72 a0 where K is the gain, p is the pole and 7 is the delay. The parameters
4 2 o . H
K,HPO, mg PJL 732 of Eq. (3) for DO concentration and pH are presented in Table 2.
KH,PO,4 mgP/L 73.2 A predictive controller was designed using the Matlab MPC tool-

The reactor was fed with a synthetic substrate, diluted to
approximately 250 mg NH4"-N/L (see Table 1). The operational
conditions were as follows: sludge recycling ratio=0.6; mean
hydraulic residence time (HRT)=6h; mean sludge age =20 days.
The concentrations of ammonium, nitrite and nitrate were mea-
sured daily using standardized experimental methodology [26].

For monitoring purposes, a graphic user interface [27] was
designed using the MATLAB® Toolbox Guide [28]. This interface
made it possible to obtain visual records every second of pH, DO, the
percentage of time the air valve was open, and the Na,CO3 added.

2.2. SISO control

Linear PI controllers of pH and DO were implemented in the
activated sludge and tuned to achieve similar responses to those

box (Model Predictive Control) [28] which minimises the following
objective function:

Ny 5 Ny-1
= ,z]:<y (#) - r) +Akz:;Au(t) (4)

where y corresponds to the controlled variable, r is the set-point
and u is the manipulated variable. The tuning parameters of this
controller are Ny: prediction horizon, Ny: control horizon and A:
weighting factor. Simulations were done with the transfer func-
tions to determine the tuning parameters with which the shortest
settling time is obtained.

The PI controllers Eq. (5) were tuned by simulation. The propor-
tional gain K and integral time T; were determined, such that the
response obtained was similar to that obtained with the MPC con-
troller. The comparison index between the controllers was the ratio
between the settling times [29]. The tuning parameters for the PI
controllers of DO concentration and pH are presented in Table 2:

estimated with predictive controllers (benchmarking). 1/t

The input-output transfer functions were obtained by apply- u(t) =Kp [e(t) + T/ e(r)dr} (5)
ing stepped changes of 10% in the manipulated variable. Eq. (3) iJo
Table 2
Parameters of the transfer function and SISO control
Controlled variable Transfer function MPC control PI control

K P T N, Ny Py T; Kp

DO 1.035x103  6.896 25.00 400 200 5% 102 23 113
pH 0.100 0.000 0.100 100 50.0 1x10°° 1.0 200
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Fig. 3. SISO control for: (a) DO and (b) pH.

Fig. 3 presents the closed loop tests to compare the MPC and PID
controllers. It may be observed that the settling time was similar
with these two controllers, 600 [s]. Because the PI controller pro-
grammed in the Siemens S7-200 PLC presents greater availability
than the MPC (programmed in PC), it was decided to implement
the PI controllers as a SISO loop for DO and pH.

2.3. Self-tuning fuzzy multimodels for estimating efficiency
indices

The pH and the DO concentration are the operating parame-
ters which most affect partial nitrification, consequently they were
chosen as entry variables for the fuzzy multimodels. The technique
of first-order linear multimodels triggered by fuzzy logic tools was
used [8] to find a relationship between the efficiency indices and the
controlled variables (pH and DO). The on-line estimation of the effi-
ciency indices, presented in Egs. (6)—(11), is based on the following
suppositions:

¢ In accordance with previous experimental studies [1,5,6,30], the
ranges pH=[7.5-8.5] and DO=[0.8-1.0] mg O, /L were selected
as specific operating zones which promote partial nitrification
to nitrite. Outside these ranges, the proposed model does not
estimate efficiency indices.

The first order linear model between the DO concen-
tration and the efficiency indices varied slightly; it was
therefore proposed to formulate two models for the DO:
one at 0.8mgO0,/L and another at 1.0mg/L, as shown in
Fig. 4. Both models were mixed using fuzzy logic techniques as
described in Ragot et al. [24].

The multimodels are based on experimental information
acquired over a period of approximately eight months with pH
and DO values obtained every second from the SCADA (Super-
visory Control and Data Acquisition) system. Environmental

»

P - Zone 2 T
)
E ,
8 p Zone 1
8 ®- Q )
A
=
0.0 : ¥
7.5 8.5 pH

Fig. 4. Operation zones for the activated sludge reactor.

conditions: T=23 #+ 1.1 °C and autotrophic biomass concentration
in the reactor=1g+0.2 mg VSS/L.

A total of four first-order linear models were identified. Two
were for estimating locally the ammonium degradation in each
operating zone, &(t) and &»(t), which depend on the estimation
at the previous moment &(t — 1) and on the pH(t) at the current
moment Eqgs. (6) and (7):

a@1(t) = 0.06 pH(t) + 0.32&(t — 1) + 814(k),
DO =0.8mg/L and 7.5 <pH < 8.5 (6)

ao(t) = 0.04 pH(t) + 0.35&(t — 1) + 824(k),
DO=1.0mg/L and 7.5< pH< 8.5 (7)

The other two models were for estimating locally the nitrite accu-
mulation in each operating zone, 1 (t) and B,(t), which depend on
the estimation at the previous moment B(t — 1), and on the pH(t)
at the current moment Eqs. (8) and (9):

Bi(t) = 0.05 pH(t) + 0.33 B(t — 1) + 8, 4(k),
DO=0.8mg/L and 7.5 <pH <8.5 (8)

Ba(t) = 0.04 pH(t) +0.31 B(t — 1) + 8,4(k),
DO=1.0mg/L and 7.5 <pH <8.5 9)

dio(k) and d;g(k), with i=12, are empirical fitting parameters
updated with each new set (k) of experimental data. The proce-
dure to find these empirical fitting parameters will be explained
later.

The equations which take into account the new estimation of
&(t) and B(t) at the current moment depend on the local estimates
given in Egs. (6)-(9), and on the dissolved oxygen concentration,
which is described in the following Takagi-Sugeno-type fuzzy mul-
timodel [24]:

a(t) = &;(t) 1 (DO(L)) + &a(t) ua(DO(L)) (10)
B(t) = B1(t) 1(DO(L)) + Ba(t) 12(DO()) (11)

ui withi=1 and 2 correspond to the evaluation of the fuzzy mem-
bership function in the DO level present in the process, with values
between 0 and 1, as shown in Fig. 5. These fuzzy multimodels are
nonlinear differential equations.
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Fig. 5. Fuzzy sets for the models weightings (i1 and u5).

Since the fuzzy multimodels were designed at fixed environ-
mental conditions (temperature and biomass concentration in the
reactor), it was necessary to develop a system which would allow
the models to be updated for slight disturbances. A self-tuning tech-
nique was proposed based on the efficiency indices obtained by
experiment, as shown in Egs. (12) and (13):

Sia(k) = ik — 1) + nala(t) — (1)),
8ip(k) = 8ip(k — 1)+ ng(B(t) — B(L)), i

N« and ng are empirical parameters of the calibration algorithm of
the model while «(t) and S(t) represent the experimental efficiency
indices.

i=1,2 (12)

1,2 (13)

2.4. Supervisory control system

The supervisory control system proposed in this work is
described in Fig. 6. The operation of the supervisor is based on an
optimization layer located at decision support level, and is initiated
by the off-line data gathering which permits the self-tuning of the
d; parameters (Egs. (12) and (13)). Once the fuzzy multimodels are
updated, the function is maximised &(t) + B(t), as will be explained
later. Once the optimum of pH* and DO* have been found in the
decision support level, the supervisory system sets the SISO con-
trol references in the reactor (see Fig. 6) allowing the high « and 8
indices to be maintained.

457

In order to migrate smoothly to the new set-point calculated
by the optimizer (pH*/DO* in Fig. 6), the supervisory system sets
the regulatory control references with a constant turnover rate
of 0.1 mg/(Lmin) and 0.1 min~! for the DO and the pH, respec-
tively.

The activated sludge reactor was operated with the
supervisory control system over a period of 115 days. The
environmental conditions were as follows: T=234+0.4°C and
autotrophic biomass concentration in the reactor=[0.75-1.30]
gVSS/L.

2.5. Optimization layer

As shown in Fig. 6 the optimization layer is based on the multi-
model estimation of &(t) and, using an exhaustive search algorithm
that maximizes the objective function: Z— 2 (Eq. (14)) for all com-
binations of pH and DO. The execution of the heuristic optimization
algorithm (Fig. 6) was subjected to certain operational constraints
(see Eq. (14)):

Maximize{Z = & + ,B}

subjectto 7.5 <pH <38.5
08<D0O<1.0
09<&<1.0
08<pB<10

(14)

The heuristic optimization technique [31] consisted in the cre-
ation of a fine search net, dividing the search variables (DO and
pH) into small increments. This net was then evaluated to obtain
all the steady-state o and S values as well as the respective value
of the objective function (Eq. (14)). The advantage of this algo-
rithm is that it always finds the overall optimum in a certain search
area. The net was generated by dividing the search area from 7.5
to 8.5 for pH, and from 0.8 to 1.0 for DO—in increments of 0.01
for each variable, so that the complete search requires 20,000
evaluations of the objective function (see Figs. 7 and 8), which
were conducted in time intervals of less than one minute using
MATLAB® 6.5 on a Pentium 4 PC at 2.4 GHz. The heuristic optimiza-
tion algorithm was performed only when the multimodels were
updated.

Z OPTIMIZATION LAYER
5 ——
a O euristic OPtlmlzaflOn o and [3 ‘5)_- Model
5 % algorithm N multi-model update
a5 mlirn s ol
pH DO’
) d v SISO CONTROL OFF LINE DATA
- ON LINE LABORATORY B
= - Control |9 DATA =
a Confrol ontro Experimental ot and
© pH DO Y y'y Y y'y
l po |pH |NH, [NOy [NOy
Y
NITRIFICATION PROCESS with high o and high B

Fig. 6. Schematic diagram of the supervisory control system.
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Group | 2 3 4 5 6 7

pH 85 8.5 8.5 8.5 7.7 71 8.3

DO 0.80 1.00 0.94 | 0.94 0.85 0.95 0.85
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Fig. 11. Values of « achieved with the supervisory control system in an activated
sludge reactor.

in such a way that the continuation of the curve could be clearly
observed. The results are shown in Fig. 9, where « values calculated
by the fuzzy multimodel estimated adequately the experimental
data at different DO and pH values. The prediction of the 8 index
by the fuzzy multimodel (see Fig. 10) was also satisfactory.

3.2. Supervisory control system

Figs. 11 and 12 show the performance of the supervisory con-
trol system with respect to the experimental efficiency indices at
steady state, considering only experimental data with a fluctuation
below 5%. On-line estimates of « and 8 were performed and the
model parameters were updated with each new combination of
experiment analyses. Above are shown the pH* and DO* set-points,
which were generated each time the supervisory control system
performed a new optimization resulting from a model update and
set in the reactor during the whole time delimited in the seven
groups. Note that since the optimum set-points remained the same
after the self-tuning of the model at 56 days, groups 3 and 4 have
identical pH* and DO*.

Group 1 3 3 N 5 5 7
pH 85 85 |85 | 85 7.7 77 83
DO 0.80 100 | 094 | 094 0.85 0.95 0.85
100%
a
ne
90% = o
B . om P TRLE / ant
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L n
]
80% i
“I
70% . , [ .
I = Predicted
= Experimental
e e

0 10 20 30 40 50 60 70 80 90 100 110
Time [d]

Fig. 12. Values of 8 achieved with the supervisory control system in an activated
sludge reactor.
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Fig. 13. Error of fuzzy model predictions for: (a) & and (b) for . At different opera-
tional conditions (c).

Although the supervisory system can estimate the efficiency
indices, the most important result of this work was to obtain
high nitrite accumulation, and simultaneously a low ammonium-
nitrogen content in the effluent. Figs. 11 and 12 show that the
supervisory control caused a slight reduction in the high degra-
dation of ammonium « between groups 1 and 5 resulting in an
increased accumulation of nitrite 8. Campos et al. [32] and Ruiz et
al. [33] report o > 85 and B ranging from 50% to 65% for nitrification
in an activated sludge reactor without a supervisory control system,
while in this work the use of an optimization layer in the decision
support level (Fig. 6) resulted in o > 95% and 8 > 80% (Figs. 11 and 12)
on a long-term basis.

Fig. 11 shows that the supervisory control was able to maintain
experimental « close to 100% during most of the operation. Because
of the dynamic nature of the fuzzy multimodel, which is based on
differential equations, the estimated « presented a transient pro-
file before reaching the steady state. As shown in Fig. 11, from day
75 onwards the set-points of pH* and DO* maintained a stable «,
around 98%, with values predicted by the multimodel very close
to those of the experiment at steady state (error lower than 5%).
Fig. 12 shows that the quality of the fuzzy multimodel 8 prediction
was initially (groups 1-3) lower than the experimental & shown in
Fig. 11; however, the self-tuning technique improved the  predic-
tion of groups 2-6. In groups 6-7 the poorer quality of 8 prediction
was compensated by a better quality of o prediction. From day 45
onwards, the supervisory control was able to reach and maintain
mean f indices higher than 85%, and during days 105-115 even
exceeded 95%.

The multimodel was designed for on-line estimation, so dis-
turbances in the on-line input data can occasionally generate
predictions over 100% for « and S, as can be seen in Figs. 11 and 12.

In Fig. 13 the prediction errors of « and B at steady state are
compared for different updates of the fuzzy multimodels. Fig. 13(a)
presents the prediction errors for « in groups 1-7. Group 3 was
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excluded because of insufficient experimental data. As shown, both
the mean value and the standard error deviation for « were low
and constant, between 1% and 2% (except for group 2). Fig. 13(b)
presents the prediction errors for § in groups 2-7; group 1 was
also excluded due to scattering. The mean error for 8 was main-
tained below 7% and the quality of 8 predictions improved during
the model updates (see groups 3-6 in Fig. 13(b)). Considering that
the multimodels were designed in slightly different environmental
conditions to those used during operation of the activated sludge
reactor with the supervisory control (see Sections 2.3 and 2.4), the
self-tuning technique applied during model updates resulted in the
satisfactory prediction of @ and S.

Analysis of the DO-pH operating scenarios was similar to the
strategy of Rodriguez-Roda [12], but using an exhaustive search
algorithm to evaluate all the feasible values of DO and pH. The DO
and pH values which maximize « and 8 simultaneously were set in
the reactor by the supervisory control system. This study therefore
contributes to the formulation of a structurally simple non-linear
adaptable model with a strategy which takes advantage of the avail-
ability of on-line and off-line data and the use of an exhaustive
search algorithm to obtain a stable partial nitrification process with
high efficiency indices.

To apply the proposed supervisor system on an industrial scale,
certain deficiencies in the transfer of mass must be considered, for
example incomplete stirring in the aeration tank. In this case, it
is feasible to complement the multimodels with others valid for
different sections of the reactor.

4. Conclusions

A supervisory control system was developed using Takagi-
Sugeno fuzzy multimodels with a simple structure and was based
on an optimization layer (exhaustive search algorithm). During 3
months of operation the supervisory control generated optimum
pH and DO set-points in order to maintain an activated sludge
reactor operating at stable partial nitrification with ammonium
degradation («) and nitrite accumulation (8) higher than 95% and
80%, respectively.

The Takagi-Sugeno fuzzy multimodels were designed to esti-
mate « and B on-line during the process, updated with off-line
experimental data. These multimodels predicted the o and S
indices at steady state with an error of less than 7% for an activated
sludge reactor.

Acknowledgements

Financing provided by DIUFRO projects 120616 and FONDECYT
projects 1070574 is greatly appreciated.

References

[1] C. Antileo, M. Roeckel, U. Wiesmann, High nitrite buildup during nitrification
in a rotating disk reactor, Water Environ. Res. 75 (2003) 151-162.

[2] U.Abeling, C.F. Seyfried, Anaerobic-aerobic treatment of high-strength ammo-
nium wastewater—nitrogen removal via nitrite, Water Sci. Technol. 26 (1992)
1007-1015.

[3] S. Villaverde, F. Fdz-Polanco, P.A. Garcia, Nitrifying biofilm acclimation to free
ammonia in submerged biofilters. Start-up influence, Water Res. 34 (2000)
602-610.

[4] Y. Bae, S. Baek, ]. Chung, Y. Lee, Optimal operational factors for nitrite accumu-
lation in batch reactors, Biodegradation 12 (2001) 359-366.

[5] N.Bernet, O.Sanchez, D. Cesbron, ].P. Steyer, ].P. Delgenés, Modelling and control
of nitrite accumulation in a nitrifying biofilm reactor, Biochem. Eng. J. 24 (2005)
173-183.

[6] C.Antileo, A. Werner, G. Ciudad, C. Mufioz, C. Bornhardt, D. Jeison, Novel oper-
ational strategy for partial nitrification to nitrite in a sequencing batch rotating
disk reactor, Biochem. Eng. J. 32 (2006) 69-78.

[7] V.Gernaey, M. van Loosdrecht, M. Henze, M. Lind, S. Jorgensen, Activated sludge
wastewater treatment plant modelling and simulation: state of the art, Environ.
Model. Softw. 19 (2004) 763-783.

[8] M. Tomiello, E. Perrin, M. Roubens, M. Crine, Fuzzy control of an acti-
vated sludge process, in: Récents Progrés en Génie des Procédés—Tools for
Process Understanding Control—ECCE2 Conference, vol. 13, Paris, 1999, pp.
177-184.

[9] A. Pirsing, U. Wiesmann, G. Kelterbach, U. Schaffranietz, H. Rock, B. Eichner, S.
Szukal, G. Schulze, On-line monitoring and modelling based process control of
high rate nitrification—lab scale experimental results, Bioprocess Eng. 15 (1996)
181-188.

[10] W.Jianlong, Y. Ning, Partial nitrification under limited dissolved oxygen condi-
tions, Process Biochem. 39 (2004) 1223-1229.

[11] ]J. Comas, 1. Rodriguez-Roda, M. Sanchez-Marré, U. Cortés, A. Freixo, J. Arraez,
M.A. Poch, Knowledge-based approach to the deflocculation problem: inte-
grating on-line, off-line, and heuristic information, Water Res. 37 (2003)
2377-2387.

[12] I Rodriguez-Roda, M. Sanchez-Marré, J. Comas, J. Baeza, J. Colprim, J. Lafuente,
U. Cortés, M. Poch, A hybrid supervisory system to support WWTP operation:
implementation and validation, Water Sci. Technol. 40 (2002) 289-297.

[13] E.E. Carrasco, ]. Rodriguez, A. Pufial, E. Roca, .M. Lema, Rule-based diagnosis
and supervision of a pilot-scale wastewater treatment plant using fuzzy logic
techniques, Expert Syst. Appl. 22 (2001) 11-20.

[14] O.C. Pires, C. Palma, ].C. Costa, I. Moita, M.M. Alves, E.C. Ferreira, Knowledge-
based fuzzy system for diagnosis and control of an integrated biological
wastewater treatment process, Water Sci. Technol. 53 (2006) 313-320.

[15] O.C. Pires, C. Palma, 1. Moita, J.C. Costa, M.M. Alves, E.C. Ferreira, A fuzzy-logic
based expert system for diagnosis and control of an integrated wastew-
ater Treatment., in: Second Mercosur Congress on Chemical Engineering
and Fourth Mercosur Congress on Process Systems Engineering, 2005, pp.
1-8.

[16] C.Rosen, Z. Yuan, Supervisory control of wastewater treatment plants by com-
bining principal component analysis and fuzzy C-means clustering, Water Sci.
Technol. 43 (2001) 147-156.

[17] ].Serralta, ]. Ribes, A. Seco, J. Ferrer, A supervisory control system for optimising
nitrogen removal and aeration energy consumption in wastewater treatment
plants, Water Sci. Technol. 45 (2002) 309-316.

[18] T. Ohtsuki, T. Kawazoe, T. Masui, Intelligent control system based on blackboard
concept for wastewater treatment processes, Water Sci. Technol. 37 (1998)
77-85.

[19] M.Henze, C.P.Grady Jr., W. Gujer, G.V. Marais, T. Matsuo, Activated sludge model
no. 1, Report STR1, IAWPRC, London, 1987.

[20] M. Coelho, C. Russo, O. Araujo, Optimization of a sequencing batch reactor for
biological nitrogen removal, Water Res. 34 (2000) 2809-2817.

[21] H.Kim, T. McAvoy, ]J. Anderson, O. Hao, Control of an alternating aerobic-anoxic
activated sludge system. Part 2. Optimization using a linearized model, Control
Eng. Pract. 8 (2000) 279-289.

[22] B.Chachuat, N. Roche, M.A. Latifi, Dynamic optimisation of small size wastewa-
ter treatment plants including nitrification and denitrification, Comput. Chem.
Eng. 25 (2001) 585-593.

[23] T. Takagi, M. Sugeno, Fuzzy identification of systems and its applications
to modelling and control, IEEE Trans. Syst. Man Cybern. SMC-15 (1985)
116-132.

[24] ]. Ragot, G. Grapin, P. Chatellier, F. Colin, Modelling of a water treatment plant.
A multi-model representation, Environmetrics 12 (2001) 599-611.

[25] Kepserver. http://www.kepware.com.

[26] APHA, Standard Methods for the Examination of Water and Wastewater, 19th
ed., American Public Health Association, Washington, DC, 1992.

[27] C. Muiioz, C. Antileo, C. Bornhardt, J.C. Araneda, C. Huilifiir, M.T. Ramirez, User
interface for simulators of nitrification process in a rotating disk reactor and
in an activated sludge system, in: Proceedings of the Third IFAC Conference on
Management and Control of Production Logistics, Santiago, 2004.

[28] M. Morari, N. Ricker, Model Predictive Toolbox User’s Guide, vol. 1, The Math-
works, 1995.

[29] M. Jelali, An overview of control performance assessment technology and
industrial applications, Control Eng. Pract. 14 (2006) 441-466.

[30] G. Ciudad, R. Gonzalez, C. Bornhardt, C. Antileo, Modes of operation and pH
control as enhancement factors for partial nitrification with oxygen transport
limitation, Water Res. 32 (2007) 69-78.

[31] V. Kumar, L. Kanal, The CDP: a unifying formulation for heuristic search,
dynamic programming, and branch-and-bound, in: Search in Artificial Intel-
ligence, Springer-Verlag, London, 1988, pp. 1-27.

[32] J.L.Campos, ].M. Garrido, A. Mosquera-Corral, R. Mendez, Stability of a nitrifying
activated sludge reactor, Biochem. Eng. J. 35 (2007) 87-92.

[33] G. Ruiz, D. Jeison, R. Chamy, Nitrification with high nitrite accumulation for
the treatment of wastewater with high ammonia concentration, Water Res. 37
(2003) 1371-1377.


http://www.kepware.com/

	Supervisory control system to enhance partial nitrification in an activated sludge reactor
	Introduction
	Materials and methods
	Reactor and instrumentation
	SISO control
	Self-tuning fuzzy multimodels for estimating efficiency indices
	Supervisory control system
	Optimization layer

	Results and discussion
	Fuzzy multimodels for estimating efficiency indices
	Supervisory control system

	Conclusions
	Acknowledgements
	References


