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1 Introduction

This document presents the diagnosis algorithms developed for the fault detection and

isolation (FDI) of the selected devices and components of the process. The goal of each

algorithm is to provide on-line information about structure changes and parameters

deviations of components and devises of the process from the nominal situation. The

analysis and discussion of the critical fault and cases to be considered in EOLI were

given in D1.4 and the selected cases are specifically:

• Membrane damage of a dissolved oxygen sensor of type Clark.

• Damages in the Servo-Valve with three cases; valve clogging, plug or seat sedimen-
tation and plug or seat erosion.

• Fault conditions in the model EM1 characterized by strong deviations of the in-
hibition parameter Ki and the affinity constant Ks of the Haldane or Andrews

kinetics model.

This deliverable reports the algorithm developed for each of the three components.

2 Distributed FDI Scheme

Taking into account the goal of the EOLI project (design of a low cost, modular and

reliability system) and the low capacity of the measurements of the SBR to capture

its internal variables for all possible conditions, (Figueroa, 2002), (Vargas, 2003), we

tackled the fault diagnosis for actuators and sensors separately from those of the process

using a distributed FDI scheme. Thus, the specific diagnosis algorithms for faults in the

dissolved oxygen (DOx) sensor and servo-valve actuator are considered separately and

the detection of specific abnormal symptoms in the reactor can be implemented alone

and independent on each installation.

Considering that the shut-down time in the reactor is mainly due to the lack of

confidence in the information provided by the instrumentation and faulty actuators, a

modular and distributed fault detection and isolation system can have more potential

benefit that a fault diagnosis system in a overall unit scheme. Therefore, the fault detec-

tion and isolation tasks in the EOLI project are designed using the distributed structure
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Figure 1: Faul Detection Scheme

shown in Fig. 2 in which the sensors and actuators fault diagnosis are separated from

the process at the first level. This fault detection scheme despairs the machine intelli-

gence away from centralized computer towards distributed fieldbus devices and allows

to capture in an abstract structure the monitoring functions, as they are implemented

in most practical cases. It is to remark that a distributed fault diagnosis system must

integrate the partial information given by sensors and actuators with the abnormal con-

dition of the process in order to fire the alarm signals using the human-machine interface.

It is to note that the computational capabilities of the new hardware allows to imple-

ment this distributed scheme designing smart instruments with autonomous diagnosis

tasks and minimal information of the process under supervision. Fig.2 shows the com-

munication between the smart sensors and actuators in a distributed FDI system.

An advantage of this scheme is its modularity, since new fault cases or new sensors

and actuators can be integrated in the future without requiring redesign of the system,

i.e. each indicator of a fault works independently of the others at the basic level and

therefore reliability of the system can be improved. Then sensors and actuators must

include specific fault tests for each device but the same detection algorithm can be

used without regard to the process. So the FDI system for each sensor and actuator

demands an extra effort in the design, but this is compensated with the benefit related

with modularity, transportability and information interchange with other levels in the

supervision structure.
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Figure 2: Communication of a distributed FDI system

3 Self Diagnosis of a Dissolved Oxygen Sensor

In the SBR process, the dissolved oxygen sensor is a key instrument during the reaction

phase, since the variation of the DOx concentration in the bulk liquid in related with the

oxygen transfer of the reactor and the respiration rate of the microorganisms. Moreover,

since the dissolved oxygen is the only measurable state variable in the models developed

by WP2, the process information could be mainly recovered by software only from the

DOx sensor. Therefore, taking into account the cycles of the SBR, EOLI team developed

a diagnosis algorithm which can be periodically used when the process is not in the

reaction phase and it is based on the transient response of a internal current of the

sensor. It is to note that the test requires to integrate specific hardware component for

a real implementation.

The algorithm is designed considers the most common DOx sensor called of Clark cell

which is based on an electrochemical cell for generating an electric current by chemical

means. The cell has three basic components the electrolyte, the cathode and the anode.

A Teflon membrane acts as a semi-permeable barrier which allows oxygen molecules to

diffuse from the fluid into the sensor. A characteristic of this sensor is its low dynamic

response which is dominated by the membrane diffusion process, approximately 2 min

in clean condition. This diffusion process is affected if small particles are adhered to the

membrane or it is damaged.

There are several possible faults associated with aDOx sensor like fouling, membrane

rupture and electrolyte depletion. Attention was focused on fouling and damage in the

4



Figure 3: Schematic diagram of the DOx sensor probe

membrane.

3.1 Methodology

The transducer behavior can be explained using the simplified diagram of the Fig. 3

where the path for the oxygen molecules passing through to the electrolyte is the mem-

brane. When a voltage B is applied between cathode and anode, the oxygen molecules in

the electrolyte around the electrode begin to be consumed causing a high initial current

and eventually the DOx level inside of the electrolyte reaches an equilibrium generating

a steady state current in the circuit. Hence, the magnitude of the steady state current

is dependent on the dissolved oxygen level in the process.

In particular, the steady state current is given by (Clarke and Fraher, 1996)

iss =
4AFDmHmpw

b
(O2)w (1)

where the subscripts m and w refer to the membrane and external fluid respectively,

A is the area of the electrode, Dm is the diffusivity if the membranes, F the Faradays

constant, H the Henry Law coefficient for the membrane material, pw the partial pressure

and b the thickness of the membrane. This equation shows that the current in the circuit

is linearly related to the DOx in the fluid (O2)w and the proportional constant depends

on Dm and thickness b.

Since the effect of a fouling level (changes in b) and a reduction in the DOx is similar

in the steady state current eq. (1), one can not detect substance layers stickled in the

membrane using any steady state relation in the sensor. So a transient current must be
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artificial generated in the circuit to identify a changes in the parameter b. This requires

the existence of a time interval for the test in which the measurement is not available

and the exogenous voltage must be changed to get a transient.

Because in the case of the SBR of EOLI during the settling time, the measurements

of the DOx are useless, EOLI team proposes an algorithm to estimate automatically the

parameter b during this phases of a cycle.

Using the Fick’s second law of diffusion

∂p

∂t
= Dm

∂2p

∂y2
(2)

with the boundary conditions p(0, t) = 0, and p(b, t) = pw, after some manipulation one

gets the equation of the transient response of the current in the circuit

i(t) =
4AFHmDm

bHw
(O2)w

Ã
1 + 2

∞X
n=1

exp(−(nπ)
2Dmt

b2
)

!
(3)

when the energy supply changes at time t = 0 from 0 to its nominal value B, holding

the membrane in a fluid with a constant DOx given by (O2)w. Considering the diffusion

transfer time of the sensor τ = b2

Dm
, eq. (3) is reduced to

i(t) = iss

Ã
1 + 2

∞X
n=1

exp(−(nπ)
2t

τ
)

!
= iss (1 + g(t)) (4)

with g(t) = 2
∞P
n=1

exp(− (nπ)2t
τ
).

Since, any changes in the thickness and diffusivity of the membrane changes the gain

in steady state iss and the value of the parameter τ , two parameters must be evaluated

in expression (4) to detect a damage.

Taking into account the form of the current i(t), one can say that it is equivalent

to the loop current of the electric circuit of Fig. 4 with a normalize impulse response

g(t) in the membrane. Then, one can estimate the transient response and the parameter

τ, controlling the electric switch. This can be made introducing by hardware a switch

between the instruments amplifier and the loop of the anode-cathode.

Since after the circuit is closed for very small time value (t → 0), the exponential

terms in the summation are close to one and the current value goes to infinite. Moreover,

the relative sensitivity of the current with respect to τ is very small for small values of

time, one suggests to transform the signal from which the estimation of τ can be obtained.
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Figure 4: Equivalent Electric Circuit of the Membrane Behaviour

Then, to obtain the estimation of the parameters τ with a satisfactory precision the

value of the integral of the current i(t) between times h ∼= 1s and 2h has been considered
as output of the system. In other words the output of the transmission during the test

is given by

Ih =

2hZ
h

i(t)dt = iss

Ã
h− 2τ

π2

∞X
n=1

1

n2

½
exp(−2(nπ)

2h

τ
)− exp(−(nπ)

2h

τ
)

¾!
(5)

The rapid convergence of the terms in the summation of (5) allows to evaluate the

parameter τ in a recursive way using few terms (n = 6) for a given Ih assuming that iss

is constant during the test time interval.

Since, eq. (5) is obtained assuming zero initial condition in the membrane, a set

of synchronized events must be generated in the circuit to be sure that this condition

satisfies when the integral is evaluated.

Fig. 5 shows the control signals to achieve a suitable transient current in the sensor.

The test of the membrane condition starts with the hold pulse which triggers a circuit

to store the steady state value of the iss before the circuit is open. The three plot

corresponds to the output of the hold circuit. The switch pulse defines the discharge and

charge time of the membrane where the duration defines the discharge time. The last

graphic corresponds to the evolution of the current in the anode-cathode circuit. The

time h indicates when the integral evaluation starts.

3.2 Detector Tuning

Considering the practical values of a DOx sensor taken from (Clarke and Fraher, 1996)

b = 0.75 µm andDm = 9.375×10−11 m2/s, a membrane simulator has been implemented
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Figure 5: Control pulses and current evolution during the test interval

in Simulink software of MATLAB with the parameter τ = 60s in normal condition to-

gether with the damage detection algorithm (Cuellar, 2005). Fig. 6 shows the integration

of membrane and its fault detector.

To calibrate the time value h = h1, a sensitivity test for the time interval [1− 12] s is
carried on. Table 1 shows the estimation values and the error obtained with each value.

One selected a value h = 7 s for the Matlab implementation.

To characterize the tolerance of the variation in the DOx during the test, a sensitivity

analysis was carried on. Table 2 shows the estimation error of the detection algorithm

when DOx is simulated as a variable signal sinωt with ω between [0.0001− 0.05] rad/s.
From the values of this table one concluded that the fault detection test requires ap-

proximately 10 min in which the DOx must be constant to have an acceptable detection

error (2%). This condition can be achieved during the settling and drawing phases of

the process.

Complementary to the analysis of the frequency variation in DOx, the effects in its

amplitude were test. Table 3
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Figure 6: Implementation of the Membrane and the Damage Detection Algorithm in

Simulink

Table 1: Results with a window of h2 = 2h1

h1 [seg] fracIiss I
iss
− h τ1 [seg] %error

1 3.6203 2.6203 59.9988 0.002

2 5.1198 3.1198 59.9981 0.0032

3 6.2706 3.2706 59.9982 0.003

4 7.2421 3.2421 59.9985 0.0025

5 8.1046 3.1046 59.9994 0.001

6 8.9001 2.9001 59.9990 0.0016

7 9.6587 2.6587 59.9997 0.0005

8 10.4019 2.4019 60.0002 0.0003

9 11.1450 2.1450 60.0005 0.0008

10 11.8980 1.8980 60.0011 0.0018

12 13.4554 1.4554 60.0024 0.004

9



Table 2: Results with frequency variations of the input

ω
h
rad
seg

i
T [seg] τ1 [seg] %error

0.05 125.7 14.2913 76.1812

0.02 314.2 18.0807 69.8655

0.015 418.9 93.9641 56.6068

0.012 523.6 125.4178 109.0297

0.011 571.2 94.5823 57.6372

0.01 628.3 58.8287 1.9522

0.008 785.4 37.1581 38.0698

0.006 1047.2 46.5022 22.4963

0.004 1570.8 57.4996 4.1673

0.00335 1875.6 59.9821 0.0298

0.003 2094.4 61.0131 1.6885

0.001 6283.2 62.3036 3.8393

0.0009 6981.3 62.1548 3.5913

0.0005 12566.4 61.3682 2.2803

0.0001 62831.9 60.3026 0.5043

Table 3: Results with amplitude variations of the input

Amp [Vp] T [seg] τ1 [seg] % error

0.25 628.32 59.5979 0.6702

0.15 628.32 59.7843 0.3595

0.05 628.32 59.9326 0.1123
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Figure 7: Results with healthy and damage membrane

3.2.1 Detector Validation

To test the methodology in the bioprocess laboratory extra sensor and hardware are

required. Due to budget constraints in EOLI project, the proposed system has not been

validated with the SBR process; only simulation results are feasible.

Fig. 7 shows the behavior of the estimator with clean and dirty membrane and when

the electrode current is interrupted during 60 s starting at 420 s. In normal conditions

the estimation yields the nominal transfer time, 60 s, and with a dirty membrane a

deviation of the values is detected. Deviations of 10% and 20% of the parameter b

produce increments of 12 s and 30 s in the transfer time. To trigger the fault alarm, a

threshold of 15% of the nominal value is suggested.

4 Self Diagnosis of Actuators and Sensors

Due to the lack of mathematical models in general for sensors and actuators, one cannot

apply FDI schemes based on explicit models. Therefore, EOLI team copes with the FDI

issue using classification and pattern recognition procedures. On the other hand, the

Dynamic Principal Components Analysis, DPCA, had been recognized as a powerful

tool for FDI issue, since it does not require precise models. The main property of a fault

detection algorithm based on DPCA (Ku et al., 1995) is its capacity to distinguish if an
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actual observation has differences with regard to the mean and standard deviation of the

reference data. This approach uses an implicit model obtained from a set of descriptive

data and for the diagnosis a comparison of the actual data and the nominal pattern is

achieved.

However, since DPCA assume stationary time series, if this property does not hold,

high rate of false alarms are generated.

To overcome this problem EOLI team suggest to estimate on-line the means of the

signals. In the following paragraph the extension of the DPCA is described and tested

with a flow control servo-valve.

4.1 Dynamic Principal Component Analysis with Statistical

Parameters Estimation

The objective of the novel DPCA is to keep for any normal condition the property of

zero mean and unit variance by a standardization of actual data with respect to the

statistical parameters estimation.

Let X be a set of historical data composed of nt observations from p variables of a

process, in which some of the p time series are inputs and the rest outputs, described by

the matrix

X =
h
X1 X2 · · · Xp

i
(nt×p)

(6)

To take into account the series correlation of the data, the trajectory matrix for each Xi

Xw
i =

⎡⎢⎢⎣
Xi (1) Xi (2) · · · Xi (w)

Xi (2) Xi (3) · · · Xi (w + 1)

..

.
..
.

. . .
..
.

Xi (nt − w + 1) Xi (nt − w + 2) · · · Xi (nt)

⎤⎥⎥⎦
(n×w)

Xw =
h
Xw
1 Xw

2 · · · Xw
p

i
(n×m)

(7)

is generated, applying a ‘time lag shift’ of magnitude w on each one of the p columns of

X, where n = nt−w+1, m = pw and w is selected considering the number of correlated

lags of a signal (Elsner and Tsonis, 1996), w = nt
4
.
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Assuming time invariant historical data, the mean and standard deviation vectors of

Xw can be organized as

µ =
h
µ1(.) µ2(.) · · · µm(.)

i
(1×m)

(8)

σ =
h
σ1 (.) σ2 (.) · · · σm (.)

i
(1×m)

(9)

It is important to remark that parameters µ and σ are obtained with data around

a system operation point and then changes in the nominal values require re-estimations

of bµ and bσ, even when the process is healthy. If exist linear relations between input and
output, this re-estimation can be achieved predicting on-line components of the data

matrix assuming healthy conditions.

The application of the following procedure allows to get on-line the vectors for bµ andbσ which must be used in the DPCA for FDI instead of eqs. (8) and (9) for the case of
time variant data.

4.1.1 Statistical Parameters Estimation

Consider for simplicity in the presentation a SISO system with available data x1 and x2

from the input and output time series, respectively

x =
h
x1 x2

i
(10)

and assume a known linear relation between both data given by

x2 = L (x1) (11)

Since x1 is associated to the input data, for the statistical parameters estimation (bµ , bσ)
it is necessary to carry out a recursive estimation of a number of data associated with

x2.

Using the actual data x1a (k) ...x1a (k + w − 1) as inputs in the relation (11), the
w-output components bx2 (k) ...bx2 (k + w − 1) are estimated and the row vector

bxw = h x1a (k) · · · x1a (k + w − 1) bx2 (k) · · · bx2 (k + w − 1) i
(1×m)

(12)

can be organized, and applying a single moving average (SMA) on bxw, the estimated
means vector is obtained

bµ = h bµ1 bµ2 · · · bµm i
(1×m)

(13)

bσ = h bσ1 bσ2 · · · bσm i
(1×m)

(14)

13



4.1.2 Algorithm for the Pattern Reference

1. Consider the nominal historical data matrix (7) with its statistical parameters pair

given by (8) and (9), assuming stationarity in the set of historical data

2. Standardize the m columns of Xw, with respect to (8) and (9), using the relation

xswij =
xwij − µj

σj
(15)

for i = 1, . . . , n and j = 1, . . . ,m. The standardized matrix Xsw will have zero

mean and unit variance.

3. Calculate the data correlation matrix R from Xw.

4. Evaluate the m eigenvalues of R and their unitary eigenvectors.

5. Organize the eigenvalues in decreasing order: λ1, λ2 , ..., λm.

6. Define the m eigenvectors as a base for the space <m, and construct a transforma-
tion matrix of m × l (l-principal factors), Vt = [V1 V2 ... Vl] for the reduced space

<l, where l ≤ m.

7. Obtain the statistical model or l principal components matrix Y using the trans-

formation

Y = XswVt (16)

8. Generate, for each one of the l-variate observations in Y, a behavior symptom

described by the univariate statistic, Hotelling parameter T 2y , given by

T 2y = yS
−1
Y y

T (17)

where SY is the covariance matrix of Y.

9. Select the normal condition threshold from the probability density function of the

set of parameters T 2y . Tracy (Tracy and Young, 1992) describes a procedure to

obtain this threshold named Upper Control Limit.

It is important to note that this reference pattern obtaining procedure is carried

out only one time, off-line; and during the fault detection stage are used the obtained

transformation matrix Vt and covariance matrix SY .
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4.1.3 On-line Algorithm for Fault Detection

Consider again the case of a SISO system, the procedure for the on-line fault detection

through the proposed algorithm based in DPCA is as follows:

1. Generate, from real data of the input and output signals, the vector of actual

observations with time lag shifts of order w

xaw =
h
x1a (k) · · · x1a (k + w − 1) x2a (k) · · · x2a (k + w − 1)

i
(1×m)

(18)

2. Standardize the m terms in xaw, with respect to the estimated parameters (13)

and (14) using the relation

xaswj =
xawj − bµjbσj (19)

for j = 1, . . . ,m. xaswj will have approximately zero mean and unit variance under

normal operating conditions even before level changes in the input signal.

3. Transform the vector xaswj in the principal component subspace ya

ya = xas
w
j Vt

4. Map ya in the univariate parameter T
2
ya through

T 2ya = yaS
−1
Y y

T
a

5. If the resulting statistic deviates from the normal condition threshold a fault is

present in the system.

4.2 Fault Detection for a Flow Control Valve

On the base of the maintenance manuals of servo-valves, EOLI team selected the most

commons faults in a flow control servo-valve the followings: Valve Clogging, Valve Plug

or Seat Sedimentation and Valve Plug or Seat Erosion. The above DPCA algorithm was

used to detect the three abnormal conditions.
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Figure 8: Actuation System with Fault Diagnosis Module

4.2.1 Scheme for Fault Diagnosis

As is depicted in Fig. 8, the fault diagnosis module is designed in such a way that it gets

at every sampling period (0.5 s) the control signal CV , as input variable, and the stem

displacement X, and flow Q, as output variables. On the base of these signals, one takes

the advantage of the correlation between these three time series of the variables to detect

and isolate some faults in the valve. To generate the time series which are associated to

real data, the simulator reported in the DAMADICS (Development and Application of

Methods for Actuator Diagnosis in Industrial Control Systems) benchmark (Bartys and

Syfert, n.d.) is used. This benchmark consists of the valve model in Simulink, and other

modules which comprise the DABLib (DAMADICS Actuator Benchmark Library).

4.2.2 Detection Results

The fault detection algorithm is adjusted considering the data matrixX =
h
CV X Q

i
.

Just three principal components are used for the characterization of the valve. The pro-

cedure has been evaluated considering the following cases:

(a) Normal operation of the valve with step changes in the input signal.

(b) Fault condition, f1-Valve Clogging of magnitude 0.75 with step changes in the input

signal.

(c) Fault condition, f2-Valve Plug or Valve Seat Sedimentation of magnitude 0.75, with

step changes in the input signal.

(d) Fault condition, f3-Valve Plug or Valve Seat Erosion of magnitude 0.75, with step

changes in the input signal.
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Figure 9: Step changes in CV and response of the standard DPCA based algorithm with

constant means

The first evaluation has as goal to test the performance of the algorithm with re-

spect to the step changes in the control signal CV when the valve is operating in nor-

mal conditions. One has simulated positive and negative step changes non higher than

the maximum step size permitted for a valve (∼= 10%, (InT, n.d.)) the sequence is

as follows: positive step change from (18s ≤ t ≤ 43s) and negative step change from
(93s ≤ t ≤ 143s).

As it can be seen from Fig. 9 the simple DPCA algorithm generates false alarms

during the step changes in CV even when the valve is working healthy; this phenom-

enon is due to the absence of the stationary condition in the time series of CV , X and Q.

The response of the new algorithm with the on-line estimation of the statistical pa-

rameters is given in Fig 10 and shows the reduction of the false alarm rate. Although

the stem displacement and flow estimation are not very good, this fact doesn’t affect

significantly the results, since the procedure requires just the output signals means.

The second part of the validation shows the response of the modified algorithm under

faults f1, f2 and f3 of magnitude 0.75. Each fault appears at time 93s, and the input

signal is changed at 18s in all cases.

As it is seen in Figs. 11, 12 and 13, the values of the three behavior symptoms stay

below the threshold during the step change in the input signal, and the threshold is only
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Figure 10: Actual, estimated and averaged values of variables X and Q; and response

of the new algorithm in normal conditions

0 20 40 60 80 100 120 140 160 180 200
0.2

0.4

0.6

0.8

1

0 20 40 60 80 100 120 140 160 180 200
0

0.5

1

0 20 40 60 80 100 120 140 160 180 200
0

500

1000

1500

2000

t (s)

Threshold
Ty2

X
Xest
Xave

Q
Qest
Qave

Figure 11: Detection of fault f1-Valve Clogging of magnitude 0.75 and with input change

exceeded when the fault is present.

The proposed modified algorithm, with on-line means estimation of the input and

output signals assuming normal condition reduces the false alarms rate without demand-

ing a precise system description. This makes this algorithm capable of deal with non

stationary signals and to detect normal changes in the signals and the variations associ-

ated exclusively with the presence of fault.
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Figure 12: Detection of fault f2-Valve Plug or Valve Seat Sedimentation of magnitude

0.75 and with input change
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Figure 13: Detection of fault f3-Valve Plug or Valve Seat Erosion of magnitude 0.75 and

with input change
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5 FDI Algorithms for EM1 and EM2a

5.1 Estimation of Respiration Rate

The respiration rate r(t) is an accepted indicator for the biomass activity and has been

used for control and monitoring purposes of other bioprocesses before (Spanjers et al.,

1998). Although respirometric equipment is commercially available and have been used

for the direct extraction of process model parameters as discussed in (Spanjers et al.,

1999), it represents an additional cost and maintenance factor and does not provide a

continuous online estimation of in situ biological activities.

(Lindberg and Carlson, 1996) and (Marsili-Libelli and Vaggi, 1997) present and dis-

cuss methods for the estimation of the respiration rate in continuous WWT processes,

but these cannot be applied directly to batch processes. For batch processes (Yoong et

al., 2000) and recently again (Puig et al., 2005) describe a method for obtaining respi-

ration rates from a batch reactor in situ, that is based on controlling aeration during

the reaction phase to cause periods without aeration that allow to obtain the respiration

rate directly from the derivative of the DO measurement. However, as a consequence it

cannot provide a continuous online estimate, contrary to the method developed for the

EOLI project and proposed by (Wimberger and Verde Rodarte, 2005). Nevertheless, all

of these methods assume a constant volume, an assumption that does not hold during

SBR operation were a change in volume will commonly occur or be desired to occur

concurrently with the reaction (fed-batch mode).

5.1.1 Methodology for In Situ Online Estimation

The DO dynamics of an aerobic treatment process can be described using eqn. (20), a

common form for chemical reactors presented by (Rawlings and Ekerdt, 2002).

d

dt

Z
V

O dV = QinOin −QoutO +Z
V

OTR dV −
Z
V

OUR dV (20)

where OTR = KLa (Osat − O), V is the reactor volume, Qin the inflow rate, Qout the

outflow rate, O the DO concentration in the reactor, Oin the DO concentration in the

inflow medium, KLa the oxygen mass transfer coefficient, Osat the saturation DO con-

centration and OUR the oxygen uptake or respiration rate of the biomass, that will be
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denoted as r in the following.

Given a well stirred aerobic activated sludge fed batch reactor with Qin 6= 0, Qout = 0
it can be assumed that there are no concentration gradients and according to (Rawlings

and Ekerdt, 2002) one can take the complete reactor volume as volume element, obtaining

dV O

dt
= QinOin + VKLa(Osat −O)− V r (21)

which is equal to the first equation presented by (Spanjers et al., 1999, p.119). Eq. (21)

is commonly differentiated resulting

dO

dt
= KLa(Osat −O)− r + Qin

V
(Oin −O) (22)

as proposed (Marsili-Libelli and Vaggi, 1997), where the last term Qin
V
(Oin −O) is usu-

ally named dilution. When the volume is not assumed constant, the nonlinear dynamic

equation (22) is not valid and presents difficulties which prevent a straightforward appli-

cation of a linear solution for the discretization. However, an alternative new form can

be obtained transforming eq. (21) into the mass balance

dmo

dt
= −rm +QinOin+KLa(mo,sat(V )−mo) (23)

using the fact that concentration = mass
volume

, .where mo is the oxygen mass, mo,sat the

oxygen mass at saturation DO concentration that now is a function of the volume and

the mass respiration rate. If the dynamics of the DO sensor are comparable to the

process dynamics that one wants to observe, the delay in the sensor response has to be

taken into account as described by (Lindberg and Carlson, 1996).

The continuous time eq. (23) can be transformed into the discrete time eq. (24)

using a Zero-Order-Hold (ZOH) as described by (Åström and Wittenmark, 1984).

mo(k + 1) = k1mo(k)− k2 rm(k) (24)

+k2KLamo,sat + k2QinOin

where k1 = e
−KLah, k2 =

1
KLa

(1− k1) and h is the sampling time and k the normalized
step.
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The respiration rate rm(t) can be assumed to change much slower than mo(t), the

corresponding model can be described by

r(k + t) = r(k) + n(k) for 0 < t < 1 (25)

where n(k) is a white noise.

From eqs. (24) and (25) an observable augmented model can be obtained that is

presented as "
mo(k + 1)

rm(k + 1)

#
= A

"
mo(k)

rm(k)

#
+B

"
mo,sat(k)

QinOin

#
+ Γn(k) (26)

where

A =

"
k1 k2

0 1

#
, B =

"
k2KLa k2

0 0

#
, Γ =

"
0

1

#
, C =

h
1 0

i
;

Eq. (26) allows observation of the mass respiration rate rm with a full or reduced

order observer. Considering the structure for the observer taken from (Åström and

Wittenmark, 1984), that uses information available up to time k to provide an estimate

for the respiration rate at time k, the observer for system (26) can be written as

m̂o(k\k) = (I −KC)
Ã
A

"
mo(k − 1)
rm(k − 1)

#
+B

"
mo,sat(k − 1)
Qin(k − 1)Oin

#!
+Ky(k) (27)

where K has to be chosen such that the eq. (27) is asymptotically stable (Åström and

Wittenmark, 1984). Results are obtained here using pole placement gain selection with

Ackermann’s formula as provided by MATLAB (Kailath, 1979) and P = [0.2+0.2i 0.2−
0.2i].

For signals with a higher noise level a useful alternative structure could be a Rauch-

Tung-Striebel Fixed-Interval Optimal Smoother (discrete time) as described in (Gelb,

1974, p.164).

5.2 Process Fault Diagnosis in EM1

5.2.1 Model and Transformation

In EOLI Deliverable 2.3 (Betancur et al., 2004) provided a validated model for EM1,

that is based on concentrations. However, when the volume is not assumed constant, the
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nonlinear dynamics of the dilution term of the DO equation presents difficulties which

prevent a straightforward application of a linear solution. As shown for the DO dynamics

eq. (20), the complete model can be transformed into a mass balance model (conserved

extensive quantities only) given by

dmx

dt
= µ(V,ms)mx (28)

dms

dt
= −k1µ(V,ms)mx + qincs,in

dmo

dt
= −k2µ(V,ms)mx − bmx + qinco,in +Kla(mo,sat(V )−mo)

dV

dt
= qin,

This model is obtained using the fact that Concentration = Mass
V olume

and appreciating

the fact that a measurement is available that allows to derive the actual volume in the

reactor tank V (t) and where mx,ms,mo, V, µ(V,ms), k1, qin, cs,in, k2, b, co,in, Kla,mo,sat(v)

are the biomass, the substrate mass, the dissolved oxygen mass, the liquid phase vol-

ume, the growth rate, the substrate to biomass conversion coefficient, the inflow rate,

the concentration of substrate in the inflow , the oxygen to biomass conversion coeffi-

cient, the endogenous respiration coefficient, the dissolved oxygen concentration in the

inflow, the oxygen mass transfer parameter and the dissolved oxygen mass at saturation,

respectively. The growth rate as a volume dependent form can be described by

µ(V ) =
µ0(V ) ms

Ks(V ) +ms +
m2
s

Ki(V )

(29)

where µ0, Ks, Ki are the specific growth rate, the half saturation coefficient and the

inhibition coefficient respectively. The respiration rate is function of µ and mx and

consists of a metabolic and an endogenous part given by

rm(t) = −k2µ(V.ms)mx − bmx (30)

The parameters and coefficients identified for EM1 (Betancur et al., 2004) can be used

without change, assuming that V (t) is available at any time through a measurement.
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5.2.2 Definition of Faults

An essential part in the EM1 process model is the metabolic respiration, that is governed

by the growth rate model

µ =
µ0S

Ks + S +
S2

Ki

(31)

for inhibitory substrates (Andrews, 1968). This relation corresponds to the volume

independent form of eq. (29).

Deviations in the half saturation parameter Ks and the inhibition parameter Ki have

a strong and direct impact on the growth rate and as a consequence on the process

dynamics. For this reason, deviations from their nominal values of ±²% (to take into

account uncertainties in the identification) are defined as process faults.

Detection and/or Diagnosis will be represented by the following sets of classes:

1. {normal, abnormal}, representing detection only

2. {Ki, Ks, normal} representing detection and diagnosis of the parameter that
changed.

3. {Ki,low, Ki,high, Ks,low, Ks,high, normal} representing detection and diagnosis of
parameter that changed as well as the direction of the change.

where normal stands for normal behavior, abnormal for a change in one of the parame-

ters, K(s,i) for a change in the corresponding parameter and K(s,i),(low,high) for a change

in the respective parameter and the direction of change.

The analytical FDI procedures for nonlinear systems based on parity relations and

observers (Patton et al., 2000) assume in general that the faults are additive. In the case

of the EM1 model with a fault f , one gets the model description

dmx

dt
= µ(V,ms)mx + α1f (32)

dms

dt
= −k1µ(V,ms)mx + qincs,in + α2f

dmo

dt
= −k2µ(V,ms)mx − bmx + qinco,in +Kla(mo,sat(V )−mo)

dV

dt
= qin

where constants αi characterize the effect of the fault in the state variables.
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To analyze the applicability of the analytical FDI approaches first the monitorability

of the structure eq. (32) using the structural analysis, as proposed by (Blanke et al., 2003)

was applied. From the mass balance model (28) one can obtain the following set of

constraints which is the start point of the analysis.

ṁx = µmx (c1)

ṁs = −k1µmx + qincs,in (c2)

ṁo = r +KLa(mo,sat −mo) + qinco,in (c3)

V̇ = qin (c4)

µ =
µ0ms

Ks +ms +
m2
s

Ki

(c5)

r = −k2µmx − bmx (c6)

mo,sat = co,satV (c7)

co,sat = f(T ) (c8)

ṁx =
dmx

dt
(c9)

ṁs =
dms

dt
(c10)
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qin T co V co,in mx ms mo µ r mo,sat co,sat ṁx ṁs ṁo V̇ cs,in

c1 x x x

c2 1́ x x x x

c3 1 1 1 x 1 1

c4 1 1

c5 x x

c6 x x x

c7 1 1 1

c8 1 1

c9 x x

c10 x x

c11 1 1

c12 1 1

c13 1 1 1

Table 4: Incidence Matrix

ṁo =
dmo

dt
(c11)

V̇ =
dV

dt
(c12)

mo = coV (c13)

Applying the matching algorithm given in (Blanke et al., 2003) one obtains the Inci-

dence Matched Matrix 4 where the first 5 columns are known variables and the rest must

be calculated from the structural relations between variables; 1 indicates that the variable

is known or can be evaluated from other variables and x means that the variable cannot

be obtained using the known variables. Therefore the structure is not under-constrained.

From the incidence matched matrix it can be inferred that the system is not mon-

itorable, given the fact that the variables of the constraint equations c1, c2, c5, c9, c10

cannot be calculated from other known variables.
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Based on (Bastin and Dochain, 1990) Work Package 4 of EOLI has proposed an ana-

lytical observer for the biomass and substrate with unknown µ using the transformation

given by

z1 = mo + k2mx (33)

z2 = mo − k2
k1
ms (34)

for the mass balance model equivalent. As consequence the observer can be written by

(35) and (36), transformed to the mass balance model equivalent.

dz1
dt
= −bz1 −mo

k2
+Kla(mo,sat −mo) + qinco,in (35)

dz2
dt
= −bz1 −mo

k2
+Kla(mo,sat −mo) + qinco,in − qincs,ink2

k1
(36)

Unfortunately the resulting observer (35-36) is very sensitive with respect to the

initial condition of the biomass mx(0) that is used to estimate the initial conditions

z1(0), z2(0) for the observer. It can be concluded that the analytical model of the SBR

is not feasible to fault diagnostic as long as it is impossible to obtain:

1. Exact measurement of the initial biomass mx(0) with an error of maximal ±5%.

2. Exact measurement of the substrate concentration in the inflow.

5.2.3 Methodology

An alternative to an analytical approach is a signal based approach, using feature extrac-

tion and classification for diagnosis based on historical process data. Figure 14 presents

the structure of this method. The procedure consists of an offline part, which lever-

ages historical process data and known diagnostic classifications to create a classification

model using machine learning techniques. The classification model can subsequently be

used online for process fault diagnosis.
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Figure 16: Diagnostic Procedure EM1

In case of the EM1 changes in the half saturation parameter Ks and the inhibition

parameter Ki have a direct influence on the respiration rate profile (see Figure 15).

The formerly described methodology can be applied, in this case starting from the

measurement of the dissolved oxygen, followed by the online in situ estimation of the

respiration rate, feature extraction and classification. Due to the absence of historical

process data with diagnosis, a data generator will be used for the offline part of the

procedure, which is depicted in Figure 16.

The data generation will take into account the uncertainties in initial conditions

and inflow concentrations, using a Monte Carlo method, that consists of taking uniform

random samples from intervals [value ±²%]. For each condition (constant and sampled
parameters and initial values), the following sets of data are produced:

1. Changes of ±50% in steps of 10% in the parameters Ks and Ki (separately and

not concurrently), which are tagged with the corresponding diagnostic class that

indicates the type of fault.

2. To take into account uncertainties in the identification of the parameters, changes

of ±5% in steps of 1% (separately and not concurrently), which are tagged with

the diagnostic class that indicates normal behavior.

Data sets with diagnostic information are generated and accumulated for a given number

(≥ 50) of randomly sampled conditions and then used for the offline part of the procedure.
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Figure 17: Nominal Respiration Rate Profile Features

5.2.4 Respiration Profile Features and Extraction

Figure 17 presents a nominal respiration rate profile obtained through simulation of EM1

with nominal conditions as presented for the validated model by (Betancur et al., 2004).

The proposed features that can be extracted from the curve are indicated in Figure 17.

The algorithm for the feature extraction has been implemented in MATLAB and is

available in the software package that accompanies the deliverable.

5.2.5 Machine Learned Classifier and Classification

The generated feature sets tagged with corresponding diagnostic classes, are used as

input for two algorithms provided by the WEKA Machine Learning Toolkit (Witten and

Frank, 2000):

• J48 an implementation of the C4.5 algorithm for automatic construction of decision
trees

• A Multilayer Perceptron (MLP) construction and training algorithm

Once the classifiers have been constructed from the offline simulations data, they can be

used for online diagnosis.
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Figure 18: Results of Diagnostic Method

5.2.6 Results

The proposed method has been verified with a set of 50 simulations under following

conditions:

• Uncertainties of ±25% in x(0), the initial biomass concentration and cs,in the sub-
strate concentration in the inflow are taken into account (the actual value is ran-

domly sampled for each set of simulations)

• The inflow rate qin as well as all other parameters are known and constant

• The dataset (approximately 2000 feature sets) is randomly permuted and split into
training (66%) and test sets; results are presented for the test set

Results presented in Figure 18, show that the proposed method can be used to detect and

diagnose the defined process faults with a relative high performance. The corresponding

software package (MATLAB and Java) are available on request.

5.3 Process Fault Diagnosis in EM2a

The methodology for the extraction of the respiration rate can be applied to the case

of EM2a as well. The same should be the case for the actual diagnostic procedure as

described for EM1 during the aerobic phase. However, unfortunately it was not possible

in the framework of EOLI given the following facts:
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1. Historical process data with a clear diagnosis was not available. It means the

Generated Process Data with Diagnosis of Figure 16.

2. The validated EM2a Model of EOLI reported by(Betancur et al., 2004) could

not reproduce the identification experiments given the same initial conditions and

parameters and does not seem to capture the process dynamics with sufficient

accuracy. This means that it cannot be used for the generation of the data sets

with diagnosis as required by the procedure.

3. The abnormal conditions for the SBR in POLIMI reported in the deliverable D1.4

could not be generated wit the model EM2a and sufficient sets of continuous his-

torical data are not available at this moment.

6 Conclusions

This deliverable of Work Package 6 describes the three proposed specific algorithms

to tackle fault diagnosis in the SBR process in the framework of EOLI project. The

fault selection was made considering the sensitivity of the process components and the

available data and models to adjust and train the algorithms. Since the algorithms are

generic, they can be used in any process, if the required signals are available and historical

data classified in normal and abnormal conditions exits. Validation of the algorithms

in real case could not be carried on, since budge limitation. However simulators of the

three cases with a friendly interface are available and they could be used for operator

training.
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Elsner, J. B. and A. A. Tsonis (1996). Singular Spectrum Analysis: A New Tool in Time

Series Analysis. Plenum Press, New York.
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