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Abstract–– Dynamic modelling of the behaviour
of wastewater treatment plants (WWTP) is used as
a means to analyse its performance and/or
operational control, and it features the specs of a
great number of components and interactions.
Regarding WWTP per suspended biomass, IWA
(International Water Association) Activated Sludge
Models (ASM) are frequently applied. By the use
of respirometry tests, respirograms measuring the
quantity of oxygen consumed per time unit and
biological reactor volume (called oxygen uptake
rate – OUR) can be obtained. Furthermore, these
tests can determine the growth and decay constants
for the heterotrophic and autotrophic biomass
fractions, as well as the particle substrate
hydrolysis constant value, allowing the calibration
of ASM models.
Regarding the current paper, a respirometry
system based on the LSS variant (Liquid-phase
principle: Static gas, Static liquid) was developed,
implemented and automated. The automated
respirometry system was developed from scratch in
a laboratory environment, with the aim of
obtaining real time data reads and to draw
respirometric curves for different types of residual
water and biomass from different origins. The
bench scale system is essentially composed of an
airing and mixing tank, where the sample is
introduced, and a separate measurement cell where
the dissolved oxygen readings take place. The
system’s actuators are connected to a software
managed
controller
(programmable
logic
controller – PLC), implemented in LabVIEW
environment. The same software will give the user
all the obtained readings and will estimate the
respiration rate using different methods, the most
notable being the Kalman Filter (KF). After the
experiment is over, a standard Excel file is created,
registering all the acquired data.

0.5% of Earth’s water is in suitable condition for
consumption and use in agricultural applications. This
small fraction has decreased considerably due to
excessive use and urban, agricultural and industrial
pollution. Therefore, it is necessary to ensure the
continuity of the natural water cycle and human
impact on water resources must be limited if disasters
is to be avoided.
Central to this is proper treatment of wastewater. In
terms of treated raw material, wastewater treatment
can now be considered the largest process industry
and showing a clear grown tendency.
In the stage of wastewater treatment, by suspended
biomass, respirometry appears as a robust variable for
characterizing, monitoring and controlling the process.
Respirometry is employed, at present, on a regular
basis, especially as a tool to aid implementation of
different models related to the biochemical processes
occurring in wastewater treatment and control
methods.
The aim of this thesis is to develop an automation
system that allows the characterization of a set of
relevant variables in the process and identify
respirometric parameters of dynamical systems that
describe the evolution of the compounds involved.
OUR estimates will be obtained using linear optimal
estimation techniques (KF) and other methods.
Implementation of these strategies will be performed
in LabVIEW environment and resorting to a Schneider
Electric PLC.
II. RESPIROMETRY
Respirometry is a technique that allows
measurement and interpretation of the biological
oxygen consumption rate under well defined
experimental conditions. It is used during the
biological process of activated sludge, in which
aerobic organisms, in the presence of oxygen,
oxygenate and mineralize organic material for the
synthesis of new cellular material and energy
production. Respiration rate is the variable that has
raised great interest for application to control such
processes, because the oxygen uptake is directly
linked to substrate removal and biomass growth.

Keywords- respirometry; activated sludge; ASM
models; dissolved oxygen; instrumentation and
automation; monitoring; estimation; Kalman
Filter; identification.
I. INTRODUCTION
In the world, as we know it, there has never been
something as unique and precious as water. Less than
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modeled by a first-order LTI (linear time-invariant)
system. The time constant determined experimentally
is about 59.6 seconds, which is clearly an high value.
In the respirometric system designed, the respiration
rate is estimated using the DO readings in the sample
collected in the measuring cell and it is intended that
there is no connection between the latter and the
biological reactor. Hence, the respiration rate will be
limited by the concentrations of oxygen and substrate
in the sample, which in small amounts will lead to the
endogenous respiration. In other words, it is a LSS
respirometer type. This type of respirometer is
distinguished by both simple operation and easy
determination of the OUR, but is limited by low
frequency of measurement. Over time the DO
concentration ( ( )) will decrease, expected as a
steady decline, and thus the respiration rate ( ( )) is
described as follows
( )
(1)
=− ( )

A. Respirometer
Respirometry is evaluated using a respirometer.
Nowadays, the respirometer is a major instrument for
optimization of biological processes, assessing the
treatability of organic effluents and calibration of
models related to the treatment by activated sludge.
The respirometers can be classified into eight basic
principles of measurement, according to two criteria:
the phase where the oxygen concentration is measured
– gas (G) or liquid (L) – and whether or not there is
input and output of liquid and gas – flowing (F) or
static (S). Any technique has its merits, depending on
the specific application, provided that the correct
measuring conditions are satisfied.
B. Modelling respiration
The model adopted in this paper, which
characterizes these processes, is known as Activated
Sludge Model No. 1, developed by the IWA. In this
model, respiration is associated only with the aerobic
growth of heterotrophic and nitrifying biomass and
follows the death-regeneration approach. At the
present, the model is probably the most widely used to
describe the process of treating wastewater, forming
an internationally accepted standard, when the
biological phosphorus removal is not important.

B. Command part
The programmable is the main element of this part.
It is responsible for giving orders according to its
program and the information it receives from the
monitoring of the biochemical process in question. In
this case, this device is a PLC manufactured by
Schneider Electric. In the present situation, the PLC is
operating inside an enclosure, where also all operative
components are connected for power supply and
control of actuation. This process will be performed in
accordance with the software implemented in
LabVIEW and PL7 environments.

III. RESPIROMETRIC APPARATUS
A. Operative part
The operative part includes the aeration tank and the
measuring cell, containing approximately 3.7 L of
mixture, together with the actuators (compressor,
hydraulic pumps and stirrer) and the dissolved oxygen
(DO) and pH sensors, which also monitor the
temperature of the mixture inside the two
compartments. The actuators operate based on the
orders received by the command part and the sensors
have the role of tracking the physical quantities,
giving information about the state of current
operations to the command part.
A sensor is a measuring instrument that converts
information from the physical quantity to be measured
into an electrical signal proportional to it and which is
adapted to the characteristics of the input signal
conditioner. It was defined a minimum sampling
interval of 1.5 seconds, so that the sending of
information is performed with as few gaps as possible.
Both sensors are manufactured by Hamilton and
communicate with the computer through Modbus
protocol.
The DO sensor differs from the conventional
membrane sensors due to its optical mode of
operation. Despite overcome all the limitations related
to the membrane maintenance, this type of sensor has
a slower response. The highly dynamic nature of the
sensor makes it impossible to neglected its
characteristics in the estimation of the OUR.
Consequently, the optical Hamilton sensor was

B. Full system
Figure 1 shows an overall scheme of the
connections and, in particular, the link between the
parts mentioned above. According to the formulation
master/slave, commonly utilized in PLC systems, the
computer may be seen as the master of the system,
since it is coordinating all the operations and requests
information from the slaves. The latter group include
both sensors (pH and DO), the PCMCIA
communication card (allows parallel operation
between the master and the software used – LabVIEW
and PL7) and the PLC.
IV. RESPIROMETRIC SOFTWARE
The program implemented to operate in
combination with the respirometric system was
developed based on the software package from
National Instruments – LabVIEW, version 8.6. The
main content focuses on: the acquisition of the
information obtained from the sensors and the
conversion and verification of that information into
profitable measures; the noise filtering; the user
interface created for monitoring and control the
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Figure 1. Overview of the respirometric set-up.

process, and finally, on the preparation of a report that
contains all the obtained DO, pH, temperature and
OUR values in tables and graphs that express the
progress of each of these quantities and also the
specifications inserted by the operator. The program is
also responsible for the communication by Modbus
protocol with both the PLC and the sensors. The initial
user interface is shown in Figure 2. At this stage the
user can choose between manual operation mode and
automatic operation mode.

B. Automatic operation mode
In the automatic operation mode the user is asked
about: the number of sampling cycles to execute; the
pause time between each sampling; the number of
measurements of OUR ("replicas") in each sample, the
pump operating time and the acquisition time of the
values of DO contained within the measuring cell. The
user can also set a maximum and a minimum value of
DO to which the process skips to the next stage.
A typical cycle for a measurement of the respiration
rate of a sewage sample includes the following steps:
1 – Feeding of the sewage sample to the aeration
tank through the feed pump, during a predetermined
period of time in order to completely replace the
sample from the previous measurement cycle, if there
is any; the agitation turbine, at least, should be in
operation during feeding; the liquid level in the tank
should be kept constant by way of an overflow line
leading back to the sewage drain;
2 – Agitation and aeration of the sample during a
predetermined time period to allow the sensor
readings to stabilise; these conditions are kept in the
aeration tank up to the end of the respirometric
measurement and the sensor readings are registered at
given time intervals;
3 – Feeding of a representative portion of the tank
liquid content to the measurement cell through the
recycle pump; the liquid is recycled back to the tank
during a predetermined time period in order to
completely replace the liquid left in the cell from the
previous measurement or until the maximum DO
value is achieved; this stage is highlighted in the
graphs through a red vertical line;

Figure 2. Initial software user interface.

A. Manual operation mode
In the manual mode the operator has full control
(on/off) on the different actuators of the process at any
time. The user interface also allows displaying or
hiding of the graphs of the measures acquired by
sensors. At the end of the process, the user has the
opportunity to create an Excel standard report.
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4 – Interruption of recycle pump operation and start
of registration of the readings from the DO electrode
located in the measuring cell; DO readings are
registered in time during a predetermined period or
until they drop below the minimum chosen DO value;
DO concentration decreases according to equation (1);
the beginning of this stage is highlighted in the graphs
through a yellow vertical line;
5 – Repetition of steps 3 and 4 to obtain replicate
measurements;
6 – System pause until the following measurement
cycle; agitation and aeration can be kept in operation
if the pause is short; preparation of an intermediate
report concerning the last cycle, with the same
structure as mentioned in the step 8;
7 – Restart of the process in step 3. When the total
number of samples is reached, and the respective
measurements associated with each sample, the
acquisition cycle procedure finishes;
8 – Preparation of an Excel report. Bearing in mind
the manual operation report, this one additionally
includes the user input maximum and minimum values
of DO and times of operation, the times of the vertical
lines, the slopes linked with each sample and the
estimated values of DO and OUR obtained by the KF.
There will be a new set of tables and charts for each
cycle.
An example of the user interface running in the
automatic mode of operation can be seen in the Figure
3.

order to suppress the noise and outliers using a median
digital filtering technique with a window size of
twelve samples. To avoid the slow response of the DO
sensor, particularly during the transition from step 3 to
step 4, the program implemented processes only the
final 70% of the total measurements obtained in step
4.
An example of three measurements is shown in the
Figure 4. The delimited gray zones reflect the final
70% of the signal acquired during step 4, from which
the slope of the fitted line is calculated. For this
example was chosen an interval of four minutes to
acquire measures from the measuring cell and two
minutes for recirculation of the mixture. Therefore,
there is an estimate of OUR every 6 minutes, because
the calculation is performed only at the end of the
measuring process.

Figure 4. DO signal response (green) and filtered signal (blue).

B. Kalman Filter
The application of a zero-order-hold sampling on
DO concentration dynamics given by (1) has
previously been made and can be applied in it, which
results in
(2)
[ + 1] = [ ] − Δ ⋅ [ ] + w[ ]
where Δ is the sampling interval, is the discrete
time and w[ ] describes sampling and model
uncertainties (
∼ (0, )).
The respiration rate can be considered a disturbance
input to the DO model and can be modeled using the
random walk model
[ ] = [ − 1] + e [ ]
(3)

Figure 3. Software
operation mode.

user

interface

during

where e [ ] is zero mean white noise at time .
Finally, the expression that models the dynamics of
the DO sensor is given by
̇ ( )=
( )− ( ) ⋅
(4)

automatic

V. OUR ESTIMATION STRATEGIES

where ( ) is the measure of sensor output and
the time constant, already known.
The last three equations are used in order to get
linear stochastic difference equation addressed by
KF
̇ ( )
̇( ) = ̇ ( ) = ⋅ ( ) + ( )
̇( )

In this thesis, the OUR is estimated via three
different strategies. These range from the most basic
step, obtaining the slope of the acquired signal, to the
advanced strategies, which allow estimating of the
respiration rate considering the sensors dynamics.
A. Slope of the signal
Taking into account the equation (1), the respiration
rate can hence be estimated from the slope of the
sensor output. Before that, the signal is filtered in
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(5)

with
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=
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covariance matrix were chosen to be
[10 0 0; 0 10 0; 0 0 10 ]. The process noise
=
|
and the measurement noise were assumed as
= 0.001 / Δ and r =
= 0.01, respectively.
In the Figure 5 are illustrated four samples with
estimates corresponding to DO concentration (a) and
OUR (b). Each observation acquired during the step 4
means a new iteration of the KF and on-line
estimation.

(6)

From the previous result emerges the discretized KF
formulation of the process model
=

=

⋅

+

(7)

with
⋅

=ℯ

=ℒ

{( ⋅ − ) }

(8)

and
= E[

] = Δ ⁄2 ⋅ Δ ⁄2
Δ
Δ

⋅

⋅

(9)

In the observation model, the measurement is
defined as
=
= ⋅ +v
(10)
where
( ∼

v
is the random acquisition
(0, r)) with
= [0 0 1] and r =

(a)

noise
(11)

The Kalman filter operates recursively on streams of
noisy input data to produce a statistically optimal
estimate of the underlying system state, following the
steps:
1 – Prediction phase
(12)
= ⋅
+ ⋅
|
|
=

|

⋅

⋅

|

+

(13)
(b)

where
is the estimate of
given the
|
measurements
,
,
,… and |
is the
error covariance matrix of the state estimate given
,
,
,…
2 – Kalman gain
=

⋅

|

⋅

⋅

|

⋅

+

Figure 5. DO signal response (blue) and estimated DO and OUR
(red).

C. Fixed lag smoother
The third strategy consists in the design of a filter
that reduces the influence of the sensor dynamics. A
block diagram of the sensor, the input model and the
filter is shown in Figure 6. The problem is to find a
filter which minimizes the mean square error between
the true DO concentration and the filtered DO –
( | − ) – prediction of ( ) based on data up to
time − .

(14)

where the matrix
is chosen to be the gain or
blending factor that minimizes the a posteriori error
covariance ( | ).
3 – Correction phase
(15)
+
⋅
− ⋅ |
| =
|
|

=[ −

⋅ ]⋅

|

(16)

where is the appropriate size identity matrix.
As the Kalman filtering is only applied during the
measurement in the measuring cell (step 4 defined
earlier), there is the possibility to use the final values
observed during the recirculation phase (step 3).
Therefore
and
adopt the value of the last
|
|

Figure 6. Block diagram of the input signal, the sensor model and
the filter.

obtained reading and
is approximated through
|
the calculation of the derivative between the latter two
acquisitions. In the other hand, the initial values for
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The sensor is modeled by
(
)
( )=
⋅
⋅
(
)

( )+ ( )

(17)

) and (
) are
where
is a time delay, (
polynomials in the backward shift operator and ( )
is zero mean white measurement noise.
The filter which minimizes the mean square error is
given by
(
)
(18)
( | − )=
⋅
⋅ ( )
(
)
) and (
) polynomials are found
where the (
by solving the following designed equations
developed by Ahlén and Sternad (1989), where the
argument (
) is left out for simplicity
(19)
⋅ ⋅ ∗ = ⋅ ∗ + ⋅ ⋅ Δ ⋅ ∗ ⋅ Δ∗
⋅

∗

= ⋅

∗

⋅

=

+ ⋅Δ⋅

Figure 7. DO signal response (green), DO signal filtered using a
median filter (black) and DO signal after filtering with (25) (blue).

VI. ASM NO.1 PARAMETERS ESTIMATION

(20)

∗

⋅

In order to test and validate the respirometer
developed, as well as the calculation methods applied,
were estimated some coefficients and parameters of
the ASM1. The results were compared to values
reported in the literature. In all the experimental
procedures the subsequent aspects were taken into
account: the sludge was taken from an urban WWTP
(Beirolas, Loures, Portugal); sodium acetate was
supplied as substrate; ATU was not added to the
mixture; and the temperature and pH of the mixture
were not kept constant.

(21)

=

(22)

The sensor model can be determined by a least
squares method. The data necessary for estimating the
sensor dynamics was achieved by moving the DO
sensor between waters with different DO
concentrations. The following parameters were
identified using the system identification toolbox in
MATLAB
=

+

= 1 − 0,96630

=

= 0,03202

=4

(23)

A. Heterotrophic yield A linear relationship between the substrate ( )
added and the oxygen consumed (OC) allows to
calculate biomass yield via
(26)
OC = (1 − ) ⋅

The parameter is probably easiest to find by trial
and error. A small gives a noisy result and a large
gives a slow response to changes in the DO
concentration.
Using the polynomials (23) in the design equations
(19) to (22) with a smoothing lag
= –7 and = 10
gives the
and polynomials
= 0,28330 + 0,00735 ⋅
+0,00530 ⋅
= 1 − 1,85319 ⋅

+ 0,00286 ⋅

by using the slope of the curve. The heterotrophic
yield stoichiometric coefficient was evaluated through
a respirometric batch experiment with four different
pulses of substrate added to endogenous activated
sludge sample. Sodium acetate COD (chemical
oxygen demand) concentration range from 64 – 1000
mg /L was used in this experiment. A linear increase
of OC was observed when increasing amount of
substrate was added to the reactor, as seen in Figure 8.

(24)

+ 0,86275 ⋅

The filter then becomes
( | + 7) =

⋅

⋅
1 − 1,85319 ⋅

In Figure 6 an example of five samples is shown.
The slope or the KF strategies can be applied to the
filtered signal in order to obtain an OUR estimation.
Unlike the KF, this strategy only allows the estimate
of OUR at the end of the process, just like the slope
strategy.

+ 0,86275 ⋅

⋅

( )

(25)

The maximum average yield for this data series is
≈ 0,66 mg COD/mg COD.
B. Heterotrophic decay rate The decay kinetic parameter was determined
aerating the reactor with endogenous sludge for seven
days. Respiration rate was measured at regular time
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every day. The decay rate in traditional modeling
approach ( ) is calculated from the slope of a plot of
ln( ) versus time (Figure 9). The following equation
is then applied to calculate the value of , adopted in
the ASM No.1
=
where

1−

(27)

⋅ 1−

is calculated by
=

⋅ (1 −
1− ⋅

knowing that = 0.2.
The decay rate obtained was

)

(28)
Figure 10. Plot of ln( ) versus time.

D. Half-saturation coefficient for heterotrophs -

≈ 0.36 day-1.

Saturation constant for substrate is determined
following the method based on Monod equation and
analysis of the OUR at different substrate
concentration. Exogenous OUR was measured as the
difference between endogenous OUR and the total
OUR registered in every experiment. The exogenous
OUR was divided by the maximum value of
exogenous OUR registered in the whole experiment to
calculate the relative activity, depending on substrate
concentration. The resulted of respirometric
experimental concurrent with data fitted by a
logarithm function is shown in Figure 11. The
saturation constant kinetic parameter obtained is
≈ 19.89 mg COD/L.

Figure 8. Linear relationship between oxygen consumed and
substrate added.

Figure 11. Assessment of saturation constant for substrate.

Figure 9. Plot of ln( ) versus time.

VII. CONCLUSION

C. Heterotrophic max. specific growth rate - ̂

The obtain experimental results have shown that the
used methodologies were successful in estimating
OUR, however the fixed lag smoother showed that it
is not a robust strategy for studying nonstationary
cases. When compared with other methods the
proposed KF strategy gave better performance with
respect to response time, immunity to noise and steady
response. The slope strategy gave also consistent
results but the accuracy of the results diminished for
low levels of respiration rate.
The respirometric experiments for the determination
of ASM No.1 parameters are demonstrated to be
sensitive and robust. The results of parameter
estimation using respirometric measurements data
were close to the default values in ASM No.1 and

The maximum specific growth rate was assessed
with the procedure based on adding high readily
biodegradable substrate to low concentration of
activated sludge with none limiting of DO
concentration. A linear increase of OUR was observed
when sodium acetate was added to the respirometer.
The possibility of assessing ̂ −
is the slope of
the plot of ln( ) versus time (Figure 10). The kinetic
parameter
for
this
experimental
data
is
̂ ≈ 2.30 day-1.
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activated sludge wastewater treatment. Proceedings International
Workshop on Recent Development in Respirometry for Wastewater
Treatment Plant Monitoring and Control, Taipei, Taiwan,
pp. 2/1–20.

other reported values. Even though some parameter
was lower than the default value, they were still
comparable within the range of values in the literature.
The difference of each parameter from default value
may be due to some constraints related to temperature
and pH variations, sludge sources, location, operating
conditions, experimental design and experimental
time.
Overall the respirometer designed and the strategies
applied in this thesis were successful in estimating
both OUR and the ASM No.1 parameters, constituting
a valuable tool to monitor and control the activated
sludge process and to calibrate its models.
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