Estimation of uncertain models of activated sludge process with interval observers

M.Z. Hadj-Sadok J.L. Gouzé INRIA Comore INRIA Comore BP 93, 06902 BP 93, 06902 Sophia Antipolis, France Sophia Antipolis, France mzakaria@sophia.inria.fr gouze@sophia.inria.fr Fax: +33 4 92 38 78 58 Fax: +33 4 92 38 78 58

Abstract This paper deals with the designs of observers (software sensors) for uncertain models of wastewater treatment. We assume that the model (4 state variables) is such that the growth rate is unknown and other parameters (e.g. the organic concentration in the influent) are uncertain, i.e. we only know their upper and lower bounds. Given the measurements of the dissolved oxygen concentration, we build interval observers, giving dynamic bounds containing the variables to estimate. The width of these bounds are related to the width of the uncertainty bounds of the parameters. In some cases, we show that we can estimate exactly the unknown variables despite the uncertainties on the model.

Key-words uncertain models, interval observers, wastewater treatment process.

1 Introduction

The control of biological wastewater treatment processes has recently aroused much interest. The primary motivation is linked to stricter and stricter constraints fixed by the future legislation regarding removal of polluting wastes below an acceptable level before the release in waterbodies. However, the lack of on-line instruments has limited the application of control theory to these processes. A large amount of additional information can be obtained through available measurements with the help of state observers. These observers ("software sensors") are algorithms designed to reconstruct the unmeasured states from the measured ones under a priori knowledge of the model. During this last decade, many methods for the design of non linear estimators were developed, such as the approach based on output injection [1], [2], the high gain approach [3], [4] and the approach based on conservation law applied to bioprocesses [5].

The efficiency of such observers strongly depends on the accuracy of the models. However, the process dynamics of biological treatments are often poorly understood and the models are therefore uncertain. Moreover, some inputs or parameters could be influenced by metabolic modifications and, therefore, can fluctuate with time [5]. The goal of our work is to study estimation problems taking into account the uncertain nature of process inputs and model parameters.

Generally, and even if the exact values of some variables in biological models are unknown (parameter fluctuations, influence of external factors, . . . ), we can assess their upper and lower bounds. Including this partial knowledge, we will design a software sensor called an interval observer providing with certainty the time-varying bounds of unmeasured variables. The approach presented in this work is based on an interval analysis: given an interval of variation of the uncertain variable, the objective is to reconstruct dynamically guaranteed intervals for the missing states.

Unlike the previous studies developed in [6], [7] and [8], the design of the interval observers is not based on the assumption that measurements of substrate are available but rather relies on dissolved oxygen measurements. This choice is motivated by the fact that dissolved oxygen sensors are more developed and thus, more reliable [9]. The purpose is to estimate the intervals of variation of substrate and the biomass concentrations.

The paper is organized as follows: in the next section, we will derive a dynamical model of the activated sludge process. Then, an asymptotic state observer independent of the unknown part of the model (growth rate) will be presented in section 3. Section 4.1 is devoted to asymptotic interval observers in the case where the substrate concentration in the input stream is uncertain. In section 4.2, we add another constraint by assuming that the oxygen mass transfer coefficient is not well known. The yield coefficient and the substrate in the input stream are supposed to be unknown in section 4.3. In each case, we will design an interval observer, giving upper and lower bounds on the missing variables.

2 Mathematical model

The main component of the activated sludge process is an aerobic biological reactor in which the substrate is removed by suspended micro-organisms. This basin is aerated to provide the dissolved oxygen necessary for the growth of bacterial populations. It is also supposed to be continuously stirred, involving an homogeneous distribution of dissolved oxygen and nutrient concentrations within the reactor. The mixing of the liquid medium in the reactor can also be maintained by a mechanical aeration. During their growth, the bacteria tend to agglomerate into flocs, which are called activated sludge. As indicated in Fig. 1, this aerator is closely tied to a sedimentation tank, in which the liquid is clarified. We assume that the total solid part is separated from the liquid by the sedimentation of the flocs in the settler. A portion of the sludge collected in the sedimentation tank is recycled to the aeration basin, while the rest is regularly wasted to other sludge treatment units. The recycling provides a continuous sludge inoculation and extends the mean sludge residence time for the adaptation of microorganisms to the available nutrients.

For the last decades, the increase in basic understanding of mechanisms involved in biological wastewater treatment has resulted in the development of advanced mathematical models [10] [11] [12], [13]. Even if the model of the IAWPRC Task Group [14] seems to be the reference for activated sludge process, its complexity limits the practical application for design and process control purposes. To simplify the understanding of the application of the interval observers, the model presented below will only describe the organic material removal, the basic model is developed in [15]. For our study, we consider the cell growth of one bacterial population on a limiting organic substrate and dissolved oxygen such as the main biological reaction in the aeration tank. The bioreactions in the solid-liquid separator are neglected. We suppose that, due to the gravity, all solid components will settle and concentrate at the bottom of the settling tank whereas the sedimentation of soluble organic matter is not significant. Some more elaborated models of sedimentation tanks are presented in [16] [17] [18].

Figure 1: Schematic diagram of the activated sludge process

The dynamical model has to describe three basic phenomena. First, the reaction kinetics in the aerator linked to microbial growth, substrate degradation and oxygen uptake and described by the terms including the growth rate function (μ(·)). Second, the transport dynamics of inflow and outflow in both tanks described by the terms including the dilution rate (D(t)). Finally, the gas-liquid transfer of dissolved oxygen described by the term including the oxygen mass transfer coefficient (K_La). We suppose that the tanks volumes are constant. The mass balance of the various constituents gives the following set of equations (the derivative of e.g. y with respect to time is indicated as ẏ):

ẋ = μ(·)x − (1 + r)D(t)x + rD(t)x_r ; x(0) = x_0 ṡ = − μ(·)x Y_s − (1 + r)D(t)s + D(t)s_{in}(t) ; s(0) = s_0

ċ = − μ(·)x Y_c − (1 + r)D(t)c + D(t)c_{in}(t) + K_La (c_s − c) ; c(0) = c_0

ẋ_r = v(1 + r)D(t)x − v(w + r)D(t)x_r ; x_r(0) = x_{r0}

(1)

with : D(t) = Q_{in} V_a ; r = Q_r Q_{in} ; w = Q_w Q_{in} ; v = V_a V_s

where x, s, c and x_r are the state variables representing the biomass, the substrate, the dissolved oxygen and the recycled biomass concentrations, respectively. Q_{in}, Q_{out}, Q_r and Q_w are the influent, effluent, recycle and waste flow rates, respectively. V_a and V_s represent the aerator and settler volumes. s_{in} and c_{in} correspond to the substrate and the dissolved oxygen concentrations in the feed stream. Y_s and Y_c refer to the yield coefficients of the growth of biomass on substrate and the growth of biomass on dissolved oxygen, respectively. K_La is the oxygen mass transfer coefficient and c_s is the saturation constant. μ(·) is the specific growth rate.

Generally, the key parameter μ(·) is a very complex time-varying function of state process and several other factors (pH, temperature, . . . ) and its analytical modeling is often uncertain. Numerous growth functions are proposed in [5]. However a basic qualitative knowledge is available. A well known biological fact is that the growth capacity of micro-organisms population is intrinsically limited irrespectively of the environmental conditions. So the specific growth rate can be bounded as: 0 ≤ μ(·) ≤ μ_{max} (2) Moreover, it is obvious that a lack of substrate or dissolved oxygen in the aeration tank prevents the growth of micro-organisms. This means that:

μ(·) = 0 if s = 0 or c = 0 (3)

In this study, the activated sludge process is considered under the following hypotheses :

• H1 : the biomass concentration x, the substrate concentration s and the recycled biomass concentration x_r are not measured.

• H2 : the dissolved oxygen concentration c is the only measurable state variable of the plant.

• H3 : the coefficients (Y_c, c_s) and the process parameters (r, w, v) are constant and known.

• H4 : the specific growth rate μ(·) is unknown and verifies (2) and (3).

• H5 : the dissolved oxygen concentration in the feed stream c_{in} is known.

• H6 : the dilution rate D(t) is known. We suppose that there exist positive bounds d and d̄ such that d ≤ D(t) ≤ d̄ ∀ t ≥ 0.

Concerning the input s_{in}, the oxygen mass transfer coefficient K_La and the yield coefficient Y_s, we will establish specific hypotheses through the following sections. The objective of this work is to cope with the uncertainty of these variables.

The mathematical analysis of the model equations shows that the state variables are positive and bounded because the inputs are bounded (cf. the BIBS analysis in [5], page 52).

3 Asymptotic observer

Biological wastewater treatment plant control has long been limited by the lack of cheap and reliable online instruments. Recently, more and more researches have been devoted to the application of software sensors in this area for state estimation ([19], [5], [4]) and parameter estimation of the reaction kinetics ([20], [5], [3]). A detailed experimental application of on-line state estimation in bioreactors is described in [21].

Hereafter, we suppose that we have accurate measurements of the dissolved oxygen concentration in the aeration tank and the goal of the study is to estimate the substrate, the biomass and the recycled sludge in different cases.

In this section, we assume that all the process inputs and model parameters are well known. The purpose is to reconstruct the values of the unmeasured variables.

Generally, it is very hard to have a full knowledge of bioprocess kinetics due to the metabolic variations and the influence of many physico-chemical factors. In this part we will asymptotically estimate the missing states under the constraint that the growth rate is unknown, using techniques inspired from the work of Bastin and Dochain [5]. The idea is to eliminate the unknown part of the model which is the growth function μ(·) by using a linear change of variable. It is interesting to note that the general dynamic model illustrated in [5] assumes that the dilution matrix is diagonal. This is not the case of the model (1), due to the recycled flow. We define the following linear combination of the state variables as it is done in [22]:

Z = x + Y_cc x_r s − Y_cc/Y_s = X + K c (4)

Z = z_1 z_2 z_3 ; X = x x_r s ; K = Y_c 0 −Y_c/Y_s The dynamics of these new variables are independent of the growth rate μ(·):

Ż = D(t)A Z + B(c) ; Z_0 = x_0 + Y_cc_0 x_{r0} s_0 − Y_cc_0/Y_s

A = −(1 + r) r 0 v(1 + r) −v(w + r) 0 0 0 −(1 + r)

B(c) = Y_c ( Dc_{in} + K_La(c_s − c) ) −Y_cv(1 + r)Dc Ds_{in} − ( Dc_{in} + K_La(c_s − c) ) Y_c/Y_s From the measurements of c, we can estimate x, x_r and s by this asymptotic observer:

^̇Z = D(t)A Ẑ + B(c) ; Ẑ(0) = X̂_0 + K c_0 X̂ = Ẑ − K c (5)

X̂_0 given initial estimates on X.

The dynamics of the errors E = X − X̂ are described by the equation:

Ė = D(t)A E ; E(0) = X_0 − X̂_0

To study these dynamics, we can simplify the model equations by rescaling the time by D(t) to obtain a system with the same phase portrait. Indeed, from hypothesis H6, we can choose τ = ∫_t 0 D(u)du = F (t) as the new scale of time. Since D(t) ≥ d, F is invertible (t = F^{−1}(τ)).

Then we have: dE(τ) dτ = dE(t) dt dt(τ) dτ = D(t)A E(t) 1 D(F^{−1}(τ)) = A E(F^{−1}(τ))

If we denote E(τ) = E(F^{−1}(τ)) then the dynamic of observation error in the new time basis is described by the following system: dE(τ) dτ = A E(τ) ; E(0) = X_0 − X̂_0

A is a Hurwitz matrix with the following negative eigenvalues: −(1 + r), −a − √ a^2 − vw(1 + r) and −a + √ a^2 − vw(1 + r) where a = [(1 + r) + v(w + r)]/2. Thus, zero is an asymptotically stable equilibrium. The observer (5) converges at a fixed rate (dependent on D(t) ≥ d).

4 Interval observer

4.1 Unknown substrate influent concentration

In this section, we suppose that the substrate concentration in the feed stream s_{in} is unknown. The oxygen mass transfer coefficient K_La and the yield coefficient Y_s are known. We assume that only time-varying bounds on s_{in} are known (s^−_{in}(t) ≤ s_{in}(t) ≤ s^+_{in}(t) ∀ t ≥ 0). We also suppose that a priori bounds (even loose) on initial values x_0, x_{r0} and s_0 are known. Generally, it is difficult to have accurate data on the influent concentration at the input of wastewater treatment plant. However, we can have an idea on the variation of this concentration. For example, a typical diurnal load pattern of a medium size treatment plant is given in [23]. Moreover, in [24], Eckenfelder has indicated minimum and maximum values of loading conditions for an oxidation ditch plant (variant of activated sludge process).

The objective of this study is to derive an observer which allows the on-line estimation of upper and lower bounds of the missing states. This estimator has to fulfill two basic conditions. First, the observed interval has to encompass the unmeasured variables even when the uncertainty on the input is large. Second, the observed interval has to converge towards a bounded interval with a reasonable accuracy, even if the initial bounds are loose. To achieve such a goal, the design of these observers is based on an adequate choice of the known bounds of the uncertain variables as estimator inputs and on the specific structure of the matrix A in (5) which defines a cooperative system [25] (cf. Appendix).

As above, we define the linear combination (4) to eliminate the growth kinetics from the dynamics of the new variables. From the measurements of c and the knowledge of K_La, c_{in}, s^+_{in} and s^−_{in}, we can estimate time-varying bounds of x, x_r and s by the following interval observer, giving an interval of estimation [X̂^−(t), X̂^+(t)] dynamically related to the interval of uncertainty [s^−_{in}(t), s^+_{in}(t)]:

^̇Z_+ = D(t)A Ẑ_+ + B_+(c) ; Ẑ_+(0) = X +_0 + K c_0

^̇Z_− = D(t)A Ẑ_− + B_−(c) ; Ẑ_−(0) = X −_0 + K c_0 X̂ + = Ẑ+ − K c X̂ − = Ẑ− − K c

(6)

B^∗(c) = Y_c ( Dc_{in} + K_La(c_s − c) ) −Y_cv(1 + r)Dc Ds^∗_{in} − ( Dc_{in} + K_La(c_s − c) ) Y_c/Y_s The symbol * denotes + and −, respectively.

Moreover, we impose given initial estimates X^+_0 and X^−_0 on upper and lower bounds of X respectively. We can choose loose bounds to allow a large margin for the initial interval. Thus, the following inequalities are verified:

X^−_0 ≤ X_0 ≤ X^+_0 (7)

Let us prove that the observed intervals bound the actual values x, x_r and s. We define the upper error E^+ = X̂^+ −X and the lower error E^− = X −X̂^−. The dynamical equations of the observation errors are written as follows:

Ė+ = D(t) ( A E^+ + B^+_e (t) ) ; E^+(0) = X^+_0 − X_0 Ė− = D(t) ( A E^− + B^−_e (t) ) ; E^−(0) = X_0 − X^−_0

where: B^+_e (t) = 0 0 s^+_{in}(t) − s_{in}(t) ; B^−_e (t) = 0 0 s_{in}(t) − s^−_{in}(t) Lemma 1 If E^+(0) and E^−(0) are nonnegative, then E^+(t) and E^−(t) are nonnegative for all positive time t.

Proof. Since A is off-diagonal positive, the two systems in E^+ and E^− are cooperative systems [25]. Moreover, the inputs B^+_e (t) and B^−_e (t) are positive for t ≥ 0 (s^−_{in}(t) ≤ s_{in}(t) ≤ s_{in} + (t)). Let us remark that E^+(0) and E^−(0) are nonnegative, because of the initial estimates (7). Then from property 3 of the appendix, we deduce that the errors E^+(t) and E^−(t) remain nonnegative for all t > 0. Remark. In this linear case, we can also prove this result by checking directly that the vector field is repulsive at the boundaries (E^+_i = 0 or E^−_i = 0 ; i = 1, 2, 3).

So we can conclude that if X^−_0 ≤ X_0 ≤ X^+_0 then X^−(t) ≤ X(t) ≤ X^+(t) ∀ t ≥ 0.

We now prove that the observed interval is still bounded. Let us study the convergence of the total error E = E^+ + E^− = X^+ − X^− between the upper and the lower bound. We have: Ė = D(t) ( A E + B_m(t) ) ; E(0) = X̂^+_0 − X̂^−_0 (8)

with B_m(t) = 0 0 s^+_{in}(t) − s^−_{in}(t) Due to physical reasons, the input uncertainty is bounded. As indicated at the end of section 3, we can scale the time (τ = ∫_t 0 D(u)du) and eliminate D(t) so that we obtain a linear time-invariant system forced by B_m(τ); since the input is bounded and the matrix A is stable, the state variables are bounded [26]. We deduce that the width of the observed interval is bounded since the input uncertainty is bounded.

Let us study the influence of the uncertainty of the process input on the observed intervals. We can state a more precise result in the asymptotic case. We suppose that there exists a positive constant M such that ( s^+_{in}(t) − s^−_{in}(t) ) ≤ M ∀ t ≥ 0. Let us consider the new system:

˙Ẽ = D(t) ( A Ẽ + B̃_m ) ; Ẽ(0) = E(0) (9)

with B̃_m = 0 0 M D is bounded so that as above, the system (9) can be normalized in time to eliminate D(t). We can deduce that (9) has an asymptotic stable equilibrium (A is stable):

Ẽ^∗ = −A^{−1}B̃_m = 0 0 M/(1 + r) (10)

Let us define Ē = Ẽ − E then:

˙Ē = D(t) ( A Ē + ( B̃_m − B_m(t) )) ; Ē(0) = 0

Through the same reasoning on cooperative systems with positive inputs, we can prove that Ē is nonnegative since A is off-diagonal positive and B_m(t) ≤ B̃_m ∀ t ≥ 0. Hence, E(t) ≤ Ẽ(t) for all positive time t. In particular, the limit set (Cf. [26]) of E is upper bounded by Ẽ^∗ [25]. In other words, when t tends to infinity, E(t) ≤ Ẽ^∗. According to (10), this means that after some transients, the interval observer will estimate the two biomass variables without errors resulting from the input uncertainty because the two first components of Ẽ^∗ are zero. Moreover, after a transient period, the width of the observed interval for substrate concentration can vary but is still bounded by a fixed term proportional to the maximum uncertainty of the input. We can state the following proposition:

Proposition 1 For s_{in}(t) uncertain but belonging to [s^−_{in}(t), s^+_{in}(t)], and for initial bounds [X^−_0 , X^+_0 ] of X_0, the observer gives an interval [X̂^−(t), X̂^+(t)] containing X(t) for all t ≥ 0. The observation bounds (x^+, x^−) and (x^+_r , x^−_r ) will converge asymptotically to the actual values x and x_r respectively, independently of the uncertainty on s_{in}(t). The interval observation of s is bounded, and converges towards an interval depending on the uncertainty on s_{in}(t). The rate of convergence is determined by the operating conditions of the system.

So, compared to the estimation results given by substrate measurements [6], the information obtained by dissolved oxygen have improved the observer performances. Indeed, the width of the observed intervals for the biomass concentrations has been reduced to zero after some transients. We are able to exactly reconstruct the values of x and x_r , despite the uncertainty on s_{in}(t).

4.2 Unknown substrate influent concentration and mass transfer coefficient

The factor K_La is linked to the aeration process. This parameter is the product of the mass transfer coefficient by the inter-facial area per unit volume. Hence, it is difficult to have accurate estimates of this coefficient. Moreover K_La can be a time-varying parameter. For example, this coefficient may be subject to fluctuations caused by air flow rate as indicated in [27]. In this section, we suppose that the substrate concentration s_{in} and the oxygen mass transfer coefficient K_La in the feed stream are unknown. In this part, K_La can vary with time. We assume that time-varying bounds on s_{in} and K_La are known (s^−_{in}(t) ≤ s_{in}(t) ≤ s^+_{in}(t) and K_La^−(t) ≤ K_La(t) ≤ K_La^+(t) ∀ t ≥ 0). The yield coefficient Y_s is known.

Based on the same structure as the observer (6), we derive the following interval observer by an adequate choice of the bounds of the uncertain inputs: ^̇Z_+ = D(t)A Ẑ_+ + B_+(c) ; Ẑ_+(0) = X +_0 + K c_0

^̇Z_− = D(t)A Ẑ_− + B_−(c) ; Ẑ_−(0) = X −_0 + K c_0 X̂ + = Ẑ+ − K c X̂^− = Ẑ^− − K c

(11)

B^∗(c) = Y_c ( Dc_{in} + K_La^∗(c_s − c) ) −Y_cv(1 + r)Dc Ds^∗_{in} − ( Dc_{in} + K_La^⋆(c_s − c) ) Y_c/Y_s The pair of symbols (∗, ⋆) denote (+, −) and (−, +), respectively.

As in previous section, we can prove that if we choose initial bounds sufficiently loose such that X^−_0 ≤ X_0 ≤ X^+_0 , then we obtain the following inequalities:

X^−(t) ≤ X(t) ≤ X^+(t) ∀ t ≥ 0

We now study the convergence of the total error E = E^+ + E^− = X^+ − X^− between the upper and the lower bounds. We have: Ė = D(t) ( A E + B_m(t) ) ; E(0) = X̂^+_0 − X̂^−_0 (12)

with B_m(t) = Y_c ( K_La^+(t) − K_La^−(t) ) (c_s − c)/D(t) 0 ( s^+_{in}(t) − s^−_{in}(t) ) + ( K_La^+(t) − K_La^−(t) ) (c_s − c)Y_c/ ( Y_sD(t) )

By the same reasoning developed in previous section, we can prove that E is bounded [26] and state asymptotic results. There exist positive constants M and N such that ( s^+_{in}(t) − s^−_{in}(t) ) ≤ M and ( K_La^+(t) − K_La^−(t) ) ≤ N ∀ t ≥ 0. The new system:

˙Ẽ = D(t) ( A Ẽ + B̃_m ) ; Ẽ(0) = E(0)

with B̃_m = Y_cNc_s/d 0 M + Nc_sY_c/(Y_sd) has an asymptotic stable equilibrium:

Ẽ^∗ = −A^{−1}B̃_m = (w + r)Nc_s/(w(1 + r)d) N/(wd) (Y_sM + Y_cNc_s)/(Y_s(1 + r)d)

As in previous section, we can show that for large t, E(t) is upper bounded by Ẽ^∗ [25] [26]. We can state the following proposition:

Proposition 2 For s_{in}(t) and K_La(t) uncertain but belonging to [s^−_{in}(t), s^+_{in}(t)] and [K_La^−(t), K_La^+(t)] respectively, and for initial bounds [X^−_0 , X^+_0 ] of X_0, the observer gives an interval [X̂^−(t), X̂^+(t)] containing X(t) for all t ≥ 0. This interval is bounded and converges towards an interval depending only on the uncertainty on K_La(t) for the bounds estimation of x and x_r and depending on the uncertainty on s_{in}(t) and K_La(t) for the bounds estimation of s. The rate of convergence is determined by the operating conditions of the system.

4.3 Unknown substrate influent concentration and yield coefficient

The interval observer presented in Section 4.1 converged to the actual values of biomass concentrations even if the substrate concentration in the influent was uncertain. In this section, we assume in addition that one parameter of the model (1) is uncertain. The estimators developed in previous sections assume that the yield coefficient Y_s is well known but in practice, this is not always the case. As often, this parameter cannot be accurately determined [28]. We suppose that the yield coefficient is bounded below by Y^−_s and above by Y^+_s . The coefficients Y^−_s and Y^+_s are known.

We define the linear combination (4). From the measurements of c and the knowledge of K_La, s^+_{in}, s^−_{in}, Y^+_s and Y^−_s , an interval observer analogous to (6), is written:

^̇Z_+ = D(t)A Ẑ_+ + B_+(c) ; Ẑ_+(0) = X +_0 + K_+c_0

^̇Z_− = D(t)A Ẑ_− + B_−(c) ; Ẑ_−(0) = X −_0 + K_−c_0 X̂ + = Ẑ+ − K−c X̂^− = Ẑ^− − K^+c

(13)

B^∗(c) = Y_c ( Dc_{in} + K_La(c_s − c) ) −Y_cv(1 + r)Dc Ds^∗_{in} − Y_c/Y^∗_s ( Dc_{in} + K_La(c_s − c) ) ; K^∗ = Y_c 0 −Y_c/Y^∗_s The symbol * denotes + and −, respectively.

The initial bounds X^−_0 and X^+_0 are chosen large enough to make sure that they encompass X_0. We notice that the initial bounds verify the following inequalities: X̂^−(0) ≤ X^−_0 ≤ X_0 ≤ X^+_0 ≤ X̂^+(0) (14)

As in section 4.1, through the same reasoning on positive cooperative systems [25], we can prove that the condition (14) implies that X̂^−(t) ≤ X(t) ≤ X̂^+(t) ∀ t ≥ 0.

If we suppose that there exist positive constants c̄_{in} and M such that: c_{in}(t) ≤ c̄_{in} and ( s^+_{in}(t)− s^−_{in}(t) ) ≤ M ∀ t ≥ 0 then as in previous sections, we deduce that the asymptotic value of the interval width E(t) = X^+(t) − X̂^−(t) is upper bounded by Ẽ^∗, where:

Ẽ^∗ = 0 0 (M + R)/(1 + r)

R = Y_c(Y^+_s − Y^−_s ) ( (1 + r)c_s + c̄_{in} + c_sK_La/d ) /(Y^−_s )^2

We can state the following proposition:

Proposition 3 For s_{in}(t) and Y_s uncertain but belonging to [s^−_{in}(t), s^+_{in}(t)] and [Y^−_s , Y^+_s ] respectively, and for initial bounds [X^−_0 , X^+_0 ] of X_0, the observer gives an interval [X̂^−(t), X̂^+(t)] containing X(t) for all t ≥ 0. The observation bounds (x^+, x^−) and (x^+_r , x^−_r ) will converge asymptotically to the actual values x and x_r respectively, independently of the uncertainty on s_{in}(t) and Y_s. The interval observation of s is bounded, and converges towards an interval depending on the uncertainty on s_{in}(t) and Y_s.

5 Simulation results

Simulation results are obtained by integrating the model equations (1) with the Monod growth function and typical values of model parameters and initial conditions inspired from literature data

[27] and given in the following:

Growth function : μ(s) = μ_{max} s K_s + s c K_c + c Kinetic parameters : μ_{max} = 0.2 h^{−1} ; K_s = 75 mg/l ; K_c = 2 mg/l

Stoichiometric parameters : Y_c = 1.8 ; Y_s = 0.8

Process parameters : v = 2 ; r = 1 ; w = 0.05 ; c_s = 10 mg/l

Initial conditions : x_0 = 1225 ; x_{r0} = 2333 ; s_0 = 20 ; c_0 = 6 (mg/l)

The dilution rate is considered constant D(t) = 0.3 h^{−1} The evolution of the substrate concentration in the influent is represented by an uncertain function subject to disturbances and fluctuating between two sinusoidal functions where s^+_{in} − s^−_{in} = 30 mg/l = 20% of the mean value of s_{in} (Fig. 2.a).

For simulation of interval observer (11), we assume that the oxygen mass transfer coefficient is bounded between two constants: K_La^− = 1.5 ≤ K_La = 1.8 h^{−1} ≤ K_La^+ = 2.0. For simulation of interval observer (13), we choose Y^−_s = 0.7 ≤ Y_s = 0.8 ≤ Y^+_s = 0.9.

The variations of the measured variable c are represented in Fig. 2.b.

• s_{in} unknown (section 4.1): The trajectories of the bounds estimates of x, x_r and s under the constraint that s_{in} is uncertain, are given in diagrams (Fig. 3.a and Fig. 3.b). Fig. 3.a shows that, even with loose initial estimations on each bound of the biomass concentrations in the aerator and in the settler, the upper and lower estimated bounds converge to the unmeasured variables independently of the uncertainty of the substrate concentration in the feed stream.

• s_{in} and K_La unknown (section 4.2): When we suppose in addition that the oxygen transfer coefficient K_La is uncertain, the estimation results are degradated (Fig. 4.a and Fig. 4.b). In this case, we notice that the observed bounds for biomass concentrations do not shrink to the actual values, but rather tend toward an interval containing these unmeasured concentrations (Fig. 4.a).

• s_{in} and Y_s unknown (section 4.3): As illustrated in Fig. 5.a, in the case where the substrate concentration in the influent and the yield coefficient are uncertain, the observer performances for the biomass estimation are identical to the results obtained in Fig. 3.a. The interval estimator is able to reconstruct the values of x and x_r independently of the uncertainties acting only on the dynamic of s. However, the uncertainty of the yield coefficient degradates the estimation results of the substrate concentration (Fig. 5.b).

6 Conclusion

Interval observers were derived to estimate the upper and lower bounds of the substrate, the biomass and the recycled biomass concentrations from the measurements of dissolved oxygen concentration and under the following constraints: the specific growth rate was unknown and some variables were uncertain. We have focussed on three basic cases: s_{in} uncertain, s_{in} and K_La uncertain and s_{in} and Y_s uncertain.

Through the study of each case, we have demonstrated that even if the initial bounds of the unmeasured variables are loose and given a guaranteed interval on the uncertainty of inputs or parameters, this estimator converges towards bounded intervals which contain with certainty the varying unmeasured states.

This information can be useful for specific applications. For example, some operational tasks of treatment plants as fault detection do not require the need to reconstruct the exact values of the supervised variables, since the estimation of their maximum or minimum values is sufficient. We have proved that generally, the width of the observed intervals directly depends on the uncertainty range of the unknown variables. The main result of this work shows that, although the substrate concentration in the influent (s_{in}) and the yield coefficient (Y_s) are uncertain, the software sensor is able to asymptotically reconstruct the actual values of biomass concentrations in the aeration tank and the settler. However, the results developed in [6] and [7] with only substrate measurements have shown that interval estimation of biomass concentrations depends on the uncertainty on s_{in}. This means that information obtained from dissolved oxygen concentration allows to estimate the biomass concentrations independently of the uncertainty on s_{in}. This result opens interesting perspectives for a deep exploitation of this type of observers. Further studies are undergoing examination and concern the following points: the improvement of the interval estimation by an adequate choice of measurements, the increase in the convergence rate by calibration of gain parameters, the application on more complex models including other biological mechanisms such as nitrification, the study of the influence of the noise measurement on the estimation results, the extension of interval observers theory to more general structure of models.

Acknowledgments

The authors wish to thank the referees for their constructive comments.

Appendix: cooperative systems

In this appendix we present a definition and a property concerned with the theory of cooperative systems (cf. [25]).

Definition 1 A vector field in n-space determines a cooperative system of differential equations provided that all the off-diagonal terms of its Jacobian matrix are nonnegative on a convex domain.

First, we present a property of dynamical cooperative systems in the non linear case. Let us consider two vectors x and y described by two non-autonomous systems:

ẋ = f(x, t) ; x(0) = x_0 ẏ = g(y, t) ; y(0) = y_0

where f, g : U × IR^+ → IR^n are continuously differentiable on a convex subset U ⊂ IR^n.

Property 1 if · ∀z ∈ U, ∀t ≥ 0, f(z, t) ≤ g(z, t) · g is cooperative · x_0 ≤ y_0 then x(t) ≤ y(t) for t > 0 (cf. [29]).

From the property 1, we can deduce another result for particular structures of the vector fields f and g.

If we choose:

·f(x, t) = A x (A is a cooperative matrix) ·g(y, t) = A y + B(t) (B(t) ≥ 0 ∀ t ≥ 0) ·z = y − x then the linear non-autonomous system:

ż = A z + B(t) ; z(0) = z_0

has the following property:

Property 2 if z_0 ≥ 0 then z(t) ≥ 0 for t > 0.

The property 2 can be used to prove the lemma 1.

References

[1] A. Krener, A.Isidori. Linearisation by output injection and nonlinear observers. Systems Control Letters 3 23 (1983) 47–52

[2] A. Krener, W. Respondek. Nonlinear observers with linearizable error dynamics. SIAM J.

Control 23 (1985) 197–216

[3] M. Farza, S. Othman, H. Hammouri, J. Biston. A non linear approach for the on-line estimation of the kinetic rates in bioreactors - Application to a lactic acid production process. Bioprocess Engineering 17 (1997) 143–150

[4] J. P. Gauthier, H. Hammouri, S. Othman. A simple observer for nonlinear systems applications to bioreactors. IEEE transactions on automatic control 37 (1992) 875–880

[5] G. Bastin, D. Dochain. On-line Estimation and Adaptive Control of Bioreactors. Elsevier, Amsterdam, 1990

[6] M. Z. Hadj-Sadok, J. L. Gouzé, A. Rapaport. State observers for uncertain Models of activated sludge processes. Waste Decision 98, International Workshop on Decision and Control in Waste Bio-Processing , Narbonne, France (1998) 8 p. (CD–ROM)

[7] M. Z. Hadj-Sadok, J. L. Gouzé. Interval Observers for Uncertain Models of Wastewater treatment processes. CONTROLO’98 3^{rd} Portuguese Conference on Automatic Control, Coimbra, Portugal 2 (1998) 673–678

[8] M. Z. Hadj-Sadok, J. L. Gouzé. Bounds estimation for uncertain models of wastewater treatment. IEEE International Conf. on Control and Applications, Trieste, Italy (1998) 336–340

[9] K. Y. Ko, B. C. McInnis, G. C. Goodwin. Adaptive control and identification of the dissolved oxygen process. Automatica 18 (1982) 727–730

[10] C. R. Curds. Computer simulations of microbial population dynamics in the acivated sludge process. Water Research 5 (1971) 1049–1066

[11] J. F. Andrews. Kinetic models of biological waste treatment processes. Biotech. Bioeng. Symp.

2 (1971) 5–34

[12] J. B. Busby, J. F. Andrews. Dynamic modelling and control strategies for the activated sludge process. J. Wat. Pollut. control Fed. 47 (1975) 1055–1080

[13] M. B. Beck. Identification, estimation and control of biological wastewater treatment processes.

Proc. IEE, Part D (1986) 254–264

[14] M. Henze, C. P. L. J. Grady, W. Gujer, G. v. R. Marais, T. Matsuo. Activated sludge model no. 1. Tech. rep., IAWPRC Scientific Technical Reports No. 1, IAWQ, London, 1987

[15] S. Marsili-Libelli. Optimal control of the activated sludge process. Trans. Inst. Meas. Control 6 (1984) 146–152

[16] G. Olsson, D. Chapman. Modelling the dynamics of clarifier behaviour in activated sludge systems. In: R. Drake, ed., Instrumentation and Control of Water and Wastewater Treatment and Transport Systems (Advances in Water Pollution Control Book Series). Pergamon Press, Oxford, 1985, 405–412

[17] D. J. Lumley. Settling of activated sludge. A study of limiting factors and dynamic response.

Publication 6:85, Department of Sanitary Engineering, Chalmers University of Technology, 1985

[18] R. Otterpohl, M. Freund. Dynamic models for clarifiers of activated sludge plants with dry and wet weather flows. Wat. Sci. Tech. 26 (1992) 1391–1400

[19] A. Holmberg, J. Ranta. Procedures for parameter and state estimation for microbial growth process models. Automatica 18 (1982) 181–193

[20] G. Bastin, D. Dochain. On-line estimation of microbial specific growth rates. Automatica 22 (1986) 705–709

[21] D. Dochain, E. D. Buyl, G. Bastin. Experimental validation of a methodology for on-line state estimation in bioreactors. In: N. M. Fish, R. I. Fox, N. F. Thornhill, eds., Computer Applications in Fermentation Technology : Modelling and Control of Biotechnological Processes. Elsevier, 1988, 187–194

[22] D. Dochain, M. Perrier. Dynamical modelling, analysis, monitoring and control design for nonlinear bioprocesses. In: T. Scheper, ed., Advances in Biochemical and Biotechnology, vol. 56. Springer Verlag, 1997, 147–197

[23] R. P. Hamalainen, A. Halme, A. Gyllenberg. A control model for activated sludge wastewater treatment process. Proc. 6^{th} IFAC World Congress 61 (1975)

[24] W. W. Eckenfelder. The activated sludge process: state of the art. CRC Critical Review in Environ. Contr. 15 (1985) 111–178

[25] H. L. Smith. Monotone dynamical systems: an introduction to the theory of competetive and cooperative systems. American Mathematical Society, 1995

[26] M. Vidyasagar. Nonlinear Systems Analysis. Prentice-Hall, Englewood Cliffs, 1993

[27] D. Dochain, M. Perrier. Control design for nonlinear wastewater treatment processes. Wat.

Sci. Tech. 11-12 (1993) 283–293

[28] L. Larrea, J. L. Garcia-Heras, E. Ayesa, J. Florez. Designing experiments to determine the coefficients of activated sludge models by identification algorithms. Wat. Sci. Tech. 25 (1992) 149–165

[29] H. L. Smith, P. Waltman. The theory of chemostat. American Mathematical Society, 1995

(a) Behavior of s_{in} (solid line), s^+_{in} (dashed) and s^−_{in} (dot-dashed)

(b) Dissolved oxygen measurements c

Figure 2: Variations of the uncertain input and the measured variable

(a) Biomass concentrations: x (dark solid), x^+ (dark dashed), x^− (dark dot-dashed), x_r (light solid), x^+_r (light dashed) and x^−_r (light dot-dashed)

(b) Substrate s (solid), s^+ (dashed) and s^− (dot-dashed)

Figure 3: Bounds estimation with s_{in} uncertain

(a) Biomass concentrations: x (dark solid line), x^+ (dark dashed), x^− (dark dotdashed), x_r (light solid), x^+_r (light dashed) and x^−_r (light dot-dashed)

(b) Substrate s (solid), s^+ (dashed) and s^− (dot-dashed)

Figure 4: Bounds estimation with s_{in} and K_La uncertain

(a) Biomass concentrations: x (dark solid), x^+ (dark dashed), x^− (dark dot-dashed), x_r (light solid), x^+_r (light dashed) and x^−_r (light dot-dashed)

(b) Substrate s (solid line), s^+ (dashed line) and s^− (dot-dashed line)

Figure 5: Bounds estimation with s_{in} and Y_s uncertain