LBE-INRA. Annex WP1

Activities

The LBE contribution in EOLI with respect to WP1, was mainly intended to finish the experiments dedicated to provide data for modelling. A second series of experiments was planed in order to provide data for model validation. In the same time, data concerning sludge settleability are collected and analysed in order to characterize the settling phenomenon and trying to connect it to the operating conditions. The latest experiments was focused on the study of the sludge COD adsorption. They was performed in order to characterize the COD Adsorption Capacity (CAC). 

Within WP2, The experimental data were used to identify a sample mass balance model with simplified structure. Dissolved oxygen was used as input of the model. The validated model could be used for control law design. 

In the same time, a series of experiments with the aim of testing a sub-optimal control minimizing the phases duration of SBR treating carbon and nitrogen were realized. This sub-optimal control was based on detecting, by on line sensors, the end of the biological reactions to switch to the next phase. This allowed eliminating the time-out where biological reactions were finished. A second sub-optimal minimal time control law was developed to minimize, in this case, the biological reactions time (removal time). Combining the two sub-optimal laws may provide a good time optimisation which is the aim of our activity in WP5.   

A supervisory system was developed also in this period of the project within WP6 activity. Its aim was detecting abnormal functioning and proposing its most probable causes. This system can collect and analyze data through on line sensors then classify and compare its behavior with standard operative behavior. In case of deviation, expert rules were introduced to propose solutions. To reinforce the settling supervision, some experiments are now realized. 

     Experiments

· Experiments for modelling and validation

The last experiments to be used for the modeling of the SBR and concerning the variation of the C/X ratio were provided. In particular, in order to evaluate the rate of the denitrification during the anoxic period, the experimental protocol (concerning the sampling processing during anoxic phase and aerobic phase and the conservation of samples) defined in Compiègne by the partners involved in the WP1 & WP2 was used.

At the beginning of the third period, an experimental plan was proposed to perform the two last series of experiments to be done : changes of the C/N and O2/X ratios. The table 1 and 2 summarize the experiments and the results are plotted in figure 1 and 2. The COD concentrations were maintained constant while the NTK concentrations were varied.

Table 1 :Experimental plan for C/N variations.

	date
	CODt mg/l
	NTK mg/l
	CODt/NTK Variations %
	theoretical  variations %

	27-10-2003
	5090,91
	168,00
	51,48%
	50%

	29-10-2003
	5280,92
	183,68
	44%
	35%

	31-10-2003
	5298,46
	204,40
	29,7%
	20%

	04-11-2003
	5270,06
	319,2
	-17,5%
	-20%

	standard
	5200
	260
	0%
	0%


Table 2 :Experimental plan for O2/X variation.

	date
	VSS g/l
	Air flow rate

(l/min)
	Air flow rate/VSS Variations %
	theoretical  variations %

	06-11-2003
	11,49
	75
	48%
	50%

	12-11-2003
	15,23
	26
	-61,3%
	-50%

	standard
	12
	53
	0%
	0%


Remarks : The experiments have been performed in November 2003, 2 months after an important problem in the nitrification was detected. It has to be noticed here that shortly after these data have been provided, we had to re-inoculate the process because the nitrification activity was not recovered (at the end of the aerobic phase, some nitrites and nitrates remain). In other terms, these data can be used for identification purposes, but it is expected that the real nitrification rates are a little bit higher that those identified using these data.
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Figure 2: Comparison between cycles with O2/X variation 

· Experiments for COD Adsorption Capacity (CAC) evaluation

In the first annual report we have noticed that a part of the soluble COD disappear Quickly just after filling. We suggested that this COD is adsorbed onto the cell mass. This phenomena could be included in the model. 

An experimental protocol was defined with EOLI partners with the following objectives:

a. Characterize the CAC dependence with COD concentration per unit sludge mass.  

b. Determine the CAC variation from an influent to another.  

The experiments was realized in one litre batch reactors filled with a prepared sludge from the LBE SBR reactor. To avoid the biological activity, Nitrite and Nitrite was eliminated by denitrification then the sludge was aerated to eliminate the remained COD. Next, the sludge was diluted to have a concentration of 3 g/l of TSS. Finally, the influent was added to the sludge in closed batch reactor where Nitrogen gas was injected to replace the air and avoid aerobic sludge activity. We suppose that the COD concentration reduction is due only to the adsorption phenomena.  

Figure (3) shows the evolution of the COD concentration during the time in the batches. Due to the CAC, the COD decreases very quickly and than it reaches a steady value because there is no biological removal. We consider that CAC can be measured after about 10 min and for  the experiments, samples was taken after 10 min of agitation. 

 [image: image3.wmf]0

5

10

15

20

25

30

35

40

45

0

200

400

600

800

1000

1200

1400

1600

1800

Time (Hours)

COD (mg/l)

Batch1

Batch2

Batch3

Batch4


Figure 3 : COD reduction in closed batch reactor without aeration  
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Figure 4 : Evolution of the characteristics of the COD absorption capacity

The following experiments were dedicated to determine the relationships between the adsorbed COD and the initial concentration of the influent. Since our objective is the characterize the CAC per unit sludge mass, COD concentration was divided per the TSS concentration witch was equal to 3 g/l. 

Three series of experiment were performed with a rate of one per month. The result is shown in Figure (4).  

For a constant COD concentration, the COD adsorbed by a gram of TSS vary in time. Two parameter could explain this variation: The influent composition variation and the sludge evolution. In spite of this the curves have the same general look. The CAC increases with the COD concentration and it reaches a saturation value for high COD concentration. 

In general SBRs work in low and medium mass loading rate ( less than 0.3 g of COD / g of TSS/ day) this correspond to the linear part of the curve in figure (4). The slope may be determined from time to time to adapt the CAC value.  

Table 3 : COD Absorption Capacity using acetate as influent

	COD initial /SS (mg COD/g SS)
	COD 10 minutes /SS (mg COD/g SS)

	94.52
	97.51

	189.04
	189.22

	378.04
	381.62

	765.14
	749.04

	931.68
	954.77
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Figure 5 : Comparison between the Serum Adsorption Capacity and Lactose Adsorption Capacity. 

The same experiments were performed using Acetate and lactose as influent. In table 3 the results using the Acetate and in figure (5) the comparison between the industrial serum and chemical lactose. The experiments were performed in the same period.  We suppose that the sludge had the same characteristics. 

Clearly table 3 shows that the acetate was not adsorbed by the biomass however the lactose was adsorbed with the same rate as the industrial serum. We can conclude that the sludge was used for lactose removal and the CAC is not the same for all carbon source. 

With this data we can conclude that the CAC depend linearly with the influent concentration for low and medium mass loading rate. The slop depend on both of the characteristics of the sludge and the influent composition. Furthermore, this experiment have to be improved by biologist to characterise in detail the CAC. In the literature there is not a lot of works around this subject. In the literature, authors reported that the CAC is a physical process and it depends on the surfaces properties of the activated sludge which includes the types of chemical functional groups on the cell walls, the flock size which determines the specific surface area and the microbiological nature of the activated sludge. They indicated that the more the CAC is high, the more the COD removal is good because the it is much accessible. He added also that there is some parameter as the air supply and mixing, able to increase the CAC so improve the COD removal.    

· Data collection for settling study
In order to study the settleability, two main parameters are identified. The Sludge Volume Index (SVI) which is the ratio between the decanted sludge volume and the total suspended solid concentration (TSS). The second parameter is the Settling Velocity (Sv). These parameters are mostly related to the TSS concentration and the volumetric loading rate. Our SBR being equipped with a Sludge Blanket level analyzer, it is easy to monitor these two parameters.

The volumetric loading rate was increased up to 2.5 g COD/ l/ day in order the study the effect of the high load on the SVI and the Sv. In the first ten days the Total Suspended Solid was kept increased while in the second ten day the sludge was withdrawn each day in order the kept constant the Suspended Solid concentration. The SVI and the Sv was followed   

The evolution of the sludge Index before increasing the volumetric loading rate is shown in Figure 6. Two distinct phases can be distinguished :

· the first one corresponds to the acclimatation of the sludge (the settling capacity continuously improved). In this period, we started with both low biomass concentration and loading rate. The TSS was increased while a good Sludge Index was maintained. Between the 80th day and the 100th day, the mixing was modified leading to a disturbance of the SVI parameter.

· During the second period, with a constant loading rate, the Sludge Index was stable and constant. Under these conditions, notice that the sludge level at the end of the settling phase is easily predictable because it became proportional to the TSS concentration.
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Figure 6 : Evolution of the Sludge Volume Index and Total Suspended Solid concentration 
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Figure 7 : Sludge index with high volumetric loading rate

With high volumetric loading rate as it is shown in Figure 7, the sludge index was constant and did not evolve. Figure 8 shows the final level after settling. In the first week the sludge drain was down twice a week. The level increase each day with the SS increasing and just after drain the level decrease again. In the second week the sludge was withdrawn each day to maintain a constant SS concentration. The level at the end of settling did not vary a lot, When SVI is constant the sludge level after settling can easily be predicted using SS measurements. 
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The SVI in urban wastewater treatment plan is around 120 mg/l. we note that with dairy wastewater the SVI is very low. High SS can than be maintained in the reactor. 

The evolution of the sludge level during the settling phase is shown in Figure 8. Lest now analyze one settling curve. At the beginning (between 0 and 5 min), a Quick level decreasing is observed. This is due to stopping aeration and agitation. In a second step the settling in itself start. The velocity decrease with SS concentration incensement until vanishing when this last corresponds to the maximum concentration which can be reached under gravity settling (around 45g/l). This concentration corresponds to the inverse of the SVI. 
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Figure 8 : Evolution of the Sludge level during the settling phase

· Sample mass balance model identification

Simplified stricture model of activated sludge for carbon and nitrogen removal was identified and validated. Since two operating modes were considered: aerobic and anoxic, two sub models were separately identified. One for anoxic mode and an other for aerobic mode. Some hypothesis were taken to simplify the model. 

· Reactions start after filing so the volume is constant and the influent flow rate do not appear in the model. 

· Dissolved oxygen is not available in anoxic phase and in the aerobic phase the denitrification did not take place. So the aerobic reactions and the anoxic reactions are completely separated.  

· The biomass composition is 95% of Heterotrophic bacteria and 5% Autotrophic bacteria.

The reaction scheme considered here is given by :
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The mass balance model for these reaction is given as fellow:

Aerobic sub model                                                           Anoxic sub model
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The growth rate functions are given as 
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where 
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 is dissolved oxygen. 

Dissolved oxygen measurement was used as input variable in this model. Parameter identification was performed using data from modeling experiment. The experiments was grouped in sub-groups according to the Air Flow rate as shown in table 4.

Table 4: Experiments used for identification

	Exp. N
	Air flow (l/min) 
	COD in 

(mg/l)
	NTK in

(mg/l)

	26.06.03
	30
	3026,09
	252

	05.08.03
	30
	1980,84
	173,6

	12.11.03
	25
	4945,61
	285,60

	27.10.03
	50
	4318,18
	168,00

	29.10.03
	50
	4772,25
	183,68

	31.10.03
	50
	4476,92
	204,40

	04.11.03
	50
	4836,85
	319,20

	06.11.03
	75
	4235,45
	260,4


A set of parameters was identified for each experiment and it was validated using an other experiment in the same sub-group. Figure 10 shows the aerobic model validation and figure 11 shows the anoxic model validation. The identified parameters for each sup group are quite similar. 

Table 5: aerobic parameters

	Exp. N
	µ1max
	µ2max
	KS1
	KS2
	k11
	k22
	k32

	26.06.03
	0.0223
	0.0074
	26.6083
	130.1183
	3.0062
	2.03450
	0.7303

	05.08.03
	0.0260
	0.0119
	24.0943
	86.1134
	3.1019
	1.2067
	2.0998

	27.10.03
	0.0123
	0.0056
	38.8450
	150.8545
	1.6281
	2.2202
	0.6674

	29.10.03
	0.0125
	0.0053
	35.9126
	153.7505
	1.5129
	2.1062
	0.6317

	31.10.03
	0.0172
	0.0057
	28.9683
	141.8389
	2.4329
	2.2770
	0.6457

	04.11.03
	0.0113
	0.0068
	40.1694
	127.6472
	1.8928
	2.2637
	0.6810

	06.11.03
	0.0157
	0.0059
	25.7763
	149.4329
	2.4549
	2.0903
	0.5902

	12.11.03
	0.0239
	0.0064
	26.8919
	150.1729
	3.3777
	2.1598
	0.6312


Table 6: anoxic model parameters

	Exp No
	µ3_max
	KS1
	KS3
	K33
	K13

	26.06.03
	0.4871
	20.3854
	30.2249
	0.2496
	6.6738

	05.08.03
	0.4283
	26.9341
	22.3217
	0.2439
	7.0829

	27.10.03
	0.2732
	15.2957
	36.0271
	0.0842
	11.9000

	29.10.03
	0.4675
	22.7470
	17.7671
	0.2844
	13.0682

	31.10.03
	0.7069
	32.7058
	18.6532
	0.1994
	15.7103

	04.11.03
	0.6099
	29.8587
	12.3886
	0.2282
	18.2023

	06.11.03
	0.5586
	27.6960
	15.4761
	0.1800
	17.5179

	12.11.03
	0.3542
	38.0821
	21.7736
	0.1045
	13.6391


In the anoxic phase the effect of COD adsorption is very high. This model did not takes into account this phenomena and can gives a high deviation between the estimated variable and the measured one. The CAC parameter could be introduced in the model to improve its result. 

In the aerobic mode. The model goes toward zero while the constant value
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of non-biodegradable carbon is measured. This value can be extracted from the model using the modified growth rate given as
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Figure 10:  Aerobic model validation.
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Figure 11: anoxic model validation.

The price to pay to this oversimplification of the model is that the models obtained are only valid for a small period of time and under specific aeration conditions. If the input air flow rate is changed or if the sludge characteristics significantly change, the model should be re-identified  

· Sub-optimal control

As specified in the WP5 Plan, the LBE aim is to test a sub-optimal control in order to minimize the total cycle time of a sequencing batch reactor (SBR) with carbon and nitrogen removal (wastewater 2 : WW2). This control method has to be easy to implement, reliable and robust.

The time minimization was processed in two steps: a first control strategy to reduce the phases duration by eliminating the time-out were biological reactions were finished. A second control strategy to minimize the biological reaction time. Both of the two strategy can work together for minimal time optimisation. For instance only the first strategy was applied on the LBE SBR. 

Phases duration minimization 

SBR treating carbon and nitrogen is a multi-step process: filling, reaction, settling and withdraw. The control studied in the sequel consists in beginning by a given phase, detecting the “end of this phase” and to switch immediately to the next phase. Filing and withdraw time depend on the pumps flow rates which can be increased as high as possible. Settling phase can be stopped when the sludge level reach a defined low level. Finally to optimise the reaction phase on line pH and Dissolved Oxygen sensors are used the detect the end of each reaction. In fact, during the reaction phases, significant information can be extracted from the dissolved oxygen and pH curves. Using these curves, it is possible to detect when one substrate is completely degraded (Cf. figure 12). The first point in this figure (at around 1h30) corresponds to the end of denitrifcation in the anoxic phase. The second point (the first one in the aerobic phase at time 4h) corresponds to the end of the COD consumption. The third one corresponds to the end of the nitritation while the last one corresponds to the end of the nitratation.

In order to detect on line these critical points, the on-line measurements of pH and DO are filtered using MATLAB functions. The third point detection corresponding to the last reaction was used to switch from aeration phase to settling phase.  

In figure 13 the application of the sub optimal strategy. The successive phases I, II, III and IV correspond to withdraw and filling phase, anoxic phase, aerobic phase and settling. With this strategy only effective time is used. More than three cycles per day can be realized on the contrary of two cycles in standard operating mode.
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Figure 12: Standard cycle with on line end-reactions detection
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Figure 13: Phases duration minimisation

Reaction time minimization

The nitrogen removal kinetics is very slow compared to the carbon removal. Thus, the required aerobic time corresponds essentially to the nitrogen removal. Since nitrogen is not eliminated in anoxic phase, the aerobic phase duration cannot be minimized. We can only reduce the total cycle time by reducing the anoxic phase time. In standard cases the anoxic phase takes place at the beginning of the cycle. The reaction rate depends on the two substrate concentrations S1 and S3. At t0 = 0 the maximum of S1 is available. In aerobic mode S1 is eliminated and S3 is produced. The sub-optimal control strategy consists in maximizing the anoxic reaction rate by increasing S3 in aerobic phase, (of course, S1 decreases in this case). The anoxic phase is applied when the maximal possible rate of the anoxic reaction is reached, so that the total time of this phase is reduced. To apply this strategy, on line S1 and S3 measurement are needed. This is the roll of software sensor.  
· Supervisory system  
The aim of this system is to detect any deviation of a given cycle (one anoxic + one aerobic period) from a reference called "standard". In particular, the objective is to detect and isolate a COD or TKN overload, a problem in the oxygen transfer rate (Kla) or related to the heterotrophic or autotrophic bacteria. The fact that the detection is realized a posteriori (once the cycle is finished) is not a problem because the consequences of an overloading or of a problem on the oxygen transfer or on the biomasses are rather long term consequences rather than short terms ones. Regarding the objectives of the study, the aerobic phase is the most important period to investigate the process performance. 

The detection of the critical points defined in last section is very useful for classifying a given cycle. These points define three distinct periods (Figure 14): the first one comprised between the beginning of the aerobic period and T1, the ending time of the COD removal, the second comprised between T1 and T2 defining the end of the nitritation and the third one comprised between T2 and T3 defined as the end of the nitration. In particular, using the temperature to compute the oxygen saturation, notice that it is possible to determine the quantity of oxygen respectively needed in each of these periods (noted H1, H2 and H3). While the Ti parameters give us immediate information about the degradation rates, the Hi parameters are proportional to pollutant quantity. Of course, these values are not exact values since biological reactions evolve simultaneously (for instance both the COD removal and the nitrification begin when the dissolved oxygen differs from zero), however, the oxygen consumption rates significantly differ between the different phases in order this uncertainty to be neglected.
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Figure 14 : Definition of parameters Ti and Hi
The Ti and Hi parameters are then used as descriptors in the framework of a Principal Component Analysis (PCA) approach. In the proposed software, two different approaches are proposed. The first one is a model-based approach where the projection basis for the PCA procedure is calculated using data generated by a mathematical model of the SBR plant. This approach is particularly interesting because it allows to simulate - in an acceptable time - a large number of simulations corresponding to a large spectrum of environmental conditions (different C/N ratios, different oxygen transfer rates, heterotrophic and autotrophic biomass concentrations, etc). However, it also means that a validated model of the plant is available : such a model is usually difficult to obtain and its validation is time consuming. The other available approach makes use of a limited number of real cycles for which the functioning conditions are well known provided that the available data have been obtained in a large range of functioning conditions. This approach has the advantage of being rather more robust than the model based approach because it does not use any model of the process but only the available on line measurements.

The Ti and Hi of all available experiments (for the data based approach) or simulations (for the model based approach) are grouped in a matrix. PCA transforms this matrix in a statistically optimal manner by diagonalizing the covariance matrix and by extracting the cross correlation or relationship between the variables in the data matrix. If the measured variables are linearly related and are contaminated by errors, the first few components capture the relationship between the variables, and the remaining components are comprised only of the errors. Thus, eliminating the less important components reduces the contribution of errors in the measured data and represents it in a compact manner. The popularity of PCA relies on its high ability to reduce the dimension of any data matrix while capturing the underlying variations and relationships between the related variables.

[image: image23.png]I\W’

¢ £ g

H ] —i

H H pca’ 2
— — —
Sbstatds parametts wes
Honasses et
ogen
Pe1 pe2 pes pei pes e pet pe

* Variance
Variance 6178 3154 541 019 005 000

74 93.84 100 100





Figure 15 : Reduction of the data matrix by a PCA
Once the projection basis has been computed, the original matrix (six parameters for each considered cycle) is transformed into another matrix in which the columns are the principal components. In our case (in both the model based approach and in the data based approach), it was noticed that more than 90 % of the data can be explained in only looking at what happens in the first two principal components. In other words, most of the time, it will be possible to discriminate two different cycles in projecting its six associated descriptors Ti and Hi into on a plan.

In the next step, the characteristics of a cycle will be projected onto the discriminating plan P via the PCA, then it identify a possible fault affecting the process. It is clear that if two cycles are very similar (similar Ti, Hi), then their parameters projected onto P will be very close one from each other. Then, once projected, the underlying idea is to search for the closest points. Since this plan has precisely been designed in order to discriminate different data, it is expected that two points that are close reflect the same process behavior. Assuming experiments or simulations used for computing the Principal Components (coordinates that are used to project any new parameters extracted from a given cycle) have covered a range sufficiently large of functioning conditions, it becomes possible to associate the state of a specific point to the state of the closest point.

At this step, a number of decision algorithms can be used. One of the most popular procedure is the k-closest neighbors that consists in associating the actual point to the majority class of its k-closest neighbors. If this algorithm is particularly attracting in a supervised context (all points have been associated to a fixed number of predefined known number of classes), its use is less obvious in the present case. Indeed, only the point corresponding to standard conditions can be classified in a "normal class". The other points correspond to specific conditions that differ from the standard conditions by several parameters. The way we have proceeded is as follows. A parameter x is first defined. If there is a point defined as "normal" (corresponding to the standard conditions) in the vicinity x of the point p, then the point p is assigned to be itself in this set. If it is not the case, a decision table is built. In each column, the sum of the inverse of the squared distances to all classified points of the plan are specified. The explanation corresponding to the point p corresponds to the case of the table with the greatest value. This procedure is a kind of weighted explanation table.

It should be noticed here that the developed tool is very generic and not only valid for decisions in a plan. It seems that when the process faults the user is interested in is sufficiently small – as in our case where we are only interested in identifying overloads and problems in the oxygen transfer rate - two dimensions in the discriminating space are sufficient. However, the number of PCs to be finally retained remains under the responsibility of the user : providing that a large number of experiments covering a large range of functioning conditions (including possible simultaneous combination of explanation variables) are available (or a large number of simulations can be run in the model based approach), it would be possible to identify any problem as long as its "signature" in the discriminating plan is known.

Table 7 : Table for fault causes definition

	
	Kla
	CODin
	NH4in
	XH
	XA

	<<
	0
	0
	0
	0
	0

	<
	0
	0
	0
	0
	0

	>
	0
	0
	0
	0
	0

	>>
	0
	0
	0
	0
	0


To validate the approach, it was decided to proceed to a number of experiments. The different conditions tested are reported in the table 8. Both approaches (model based and data based) were investigated. For the model based approach, in order to be as close as possible from experiments, the simulation corresponding to the standard conditions were realized using the average values of the parameters obtained experimentally.

Up to this date, only a few cycles are available for validation. Thus, the presented results may rather be considered as a demonstration instead of a the validation of an operational tool. Nevertheless, both for the model based and for the data based approaches, the results are given in Figure 16. In both of the figures, the x axis is PC1 and the y axis is PC2. The red triangles indicate the direction of each of the six parameters (the descriptors) in the space: for example if a cycle has a large T1, its projection will be near the corresponding triangle and
Table 8: Experiments time table
	DATE
	TEST
	T1

[min]
	T2

[min]
	T3

[min]
	H1

[mg/l*h]
	H2

[mg/l*h]
	H3

[mg/l*h]
	PC1

sim.
	PC2

sim.
	problems found
	PC1

real
	PC2

real

	simul.
	standard
	75
	121
	130
	11.6
	11.9
	7.4
	0.38
	-0.16
	
	
	

	15/01/04
	standard
	82
	120
	162
	12.8
	12.2
	6.7
	0.05
	-0.40
	OK or COD<
	1.03
	-0.10

	16/01/04
	CODin +30%
	130
	56
	96
	19.5
	7.8
	6.4
	1.21
	2.16
	NH4< or COD>
	0.66
	1.76

	17/01/04
	standard
	78
	96
	148
	11.9
	8.3
	4.6
	1.05
	-0.08
	OK or COD>
	0.92
	-0.43

	20/01/04
	standard
	58
	158
	130
	9.3
	12.9
	6.3
	0.20
	-0.88
	OK or COD<
	0.52
	-1.02

	21/01/04
	standard
	76
	144
	126
	12.0
	14.2
	6.9
	0.01
	-0.29
	OK or COD>
	0.48
	-0.26

	22/01/04
	CODin +50%
	154
	92
	132
	23.0
	11.8
	9.5
	-0.48
	1.87
	COD> or Kla<
	1.00
	2.82

	23/01/04
	standard
	96
	90
	126
	14.5
	10.4
	7.9
	0.59
	0.64
	OK or COD>
	1.06
	0.55

	24/01/04
	standard
	82
	102
	130
	12.5
	11.0
	7.8
	0.55
	0.16
	OK or COD>
	1.06
	0.02

	25/01/04
	standard
	64
	110
	138
	9.9
	11.1
	8.1
	0.57
	-0.42
	OK or COD<
	1.25
	-0.63

	26/01/04
	Kla +50%
	38
	110
	172
	5.2
	6.7
	5.4
	1.24
	-1.49
	COD< or Kla>
	1.58
	-2.00

	27/01/04
	NH4 +50%
	110
	382
	16
	16.8
	33.1
	0.7
	-2.87
	-0.41
	NH4> or Kla<
	-4.30
	0.30

	28/01/04
	COD -50%
	34
	318
	38
	5.5
	21.0
	1.4
	-0.54
	-1.77
	NH4> or COD<
	-2.43
	-2.43

	29/01/04
	Kla -30%
	134
	274
	46
	20.3
	26.7
	2.4
	-1.9
	0.78
	Kla< or COD>
	-2.86
	1.43

	30/01/04
	standard
	76
	136
	138
	12.2
	13.5
	7.0
	0.03
	-0.36
	OK or COD<
	0.69
	-0.25

	31/01/04
	standard
	81
	154
	126
	13.7
	17.9
	7.9
	-0.59
	-0.23
	OK or NH4>
	0.31
	0.12

	01/02/04
	standard
	89
	110
	114
	14.7
	14.7
	8.2
	0.15
	0.51
	OK or COD>
	0.63
	0.49


so on. It is clear that highly correlated parameters, as T1 and H1, give the same direction. In the left figure, the stars represent all the simulations realized with different conditions automatically generated by the software. The green zone defines the class of "standard cycles". The blue diamonds correspond to the experiments reported in Table 2 used to demonstrate the capabilities of the system to detect and isolate process faults. All 10 standard cycles were correctly classified in the green zone. For the six remaining ones, three were correctly identified while the problems corresponding to the three others were given as the second possible explanation instead of the first one :

· cycle 16/01 : the most probable problem detected is NH4< instead of COD> because T1 is large but T2 is very small ;

· cycle 26/01 : the most probable problem detected is COD< instead of Kla> because T1 is small but T2 and T3 are similar to values of standard cycles ;

· cycle 28/01 : the most probable problem detected is NH4> instead of COD< because T1 is small but T2 is very large.
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Figure 4 : Model based and  data based approaches
The most probable explanation of this phenomenon is the particular composition used to artificially increase the nitrogen content of the input : while the input COD is only due to the raw whey, in standard conditions half of the nitrogen content comes from the whey and half of it comes from added Urea. The difference between these two forms of nitrogen is that nitrogen in the whey is probably easily degradable while urea need to be ammonified before the nitrification can take place.

In the right graph, only the real cycles reported in the previous table are represented. To illustrate the data based approach, only seven of the standard cycles were used in the learning phase while three were kept for the validation. The colored circles near the origin are the first seven standard cycles while the colored stars are the tests corresponding to functioning conditions differing from the standard ones. The black stars are the last three standard cycles. Their projections onto the plan are all located very close to the origin. In other words, they were correctly identified as standard cycles.
Meetings, field trips and missions

Publications

Conférences internationales à comité de lecture :

Mazouni, D., M. Ignatova et J. Harmand (2004) : A simple mass balance model for biological batch reactors used for carbon and nitrogen removal, Automatic Systems for Building the Infrastructure in developing Countries, International Federation of Automatic Control, IFAC DECOM-TT 2004 WS, 3-5 octobre, Bansko, Bulgarie.

Ciappelloni, F., D. Mazouni, L. Lardon et J. Harmand (2004) On-line supervision and control of and Aerobic SBR process, 16th International Symposium on Systems Analysis and Integration Assessment, Watermatex, IWA conference, 3-5 novembre, Pékin, Chine.
Publications Soumises:

Mazouni, D., J. Harmand, A. Rapaport (2005) : Attainability and Suboptimal minimal time Control of a class of biological sequencing batch reactors, 16th IFAC World Congress, 5-8 juillet, Prague, République Tchèque.
Mazouni, D., M. Ignatova et J. Harmand (2005): A Multi-Model appraoch for the monitoring of carbon and nitrogen concentration during the aerobic phase of a biological sequencing batch reactor, 16th IFAC World Congress, 5-8 juillet, Prague, République Tchèque.
Planning of activities for the following year

The next year of the project will be dedicated essentially to the different EOLI workpackages evaluation. First, the software and hardware platform developed within WP8 will be installed in Narbonne. Software and hardware sensors can then be tested. The FDI and supervision systems will be implemented and evaluated with the different algorithms developed in EOLI project. The optimal control strategy will also be tested and evaluated. 
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