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This paper proposes the design of a robust sampled-time controller to stabilize continuous-time nonlinear systems, taking into account state and input constraints. The proposed controller comprises the design of a robust control law, which is based on an interval predictor-based state-feedback controller and a Model Predictive Control (MPC) approach, which deals with the state and input constraints. The interval predictor-based state-feedback controller is designed based on a Lyapunov function approach that provides a safe set, where the state constraints are not transgressed. Out this set, the MPC is activated guaranteeing the fulfillment of the state and input constraints. The proposed switched control strategy guarantees the practical Uniform Asymptotic Stability of the considered nonlinear systems. A constructive method, based on linear matrix inequalities (LMIs), is proposed to compute the controller gains and the state of the system is not required. Some simulation results illustrate the feasibility of the proposed scheme.

I. INTRODUCTION

R EAL dynamical systems, which in general can be represented by nonlinear models, are constrained due to the structural limitations of the system, i.e., the system dynamics have state and input constraints, (see e.g. [START_REF] Allenspach | Nonlinear model predictive control and guidance for a propeller-tilting hybrid unmanned air vehicle[END_REF], [START_REF] Li | Robust distributed model predictive control of constrained continuous-time nonlinear systems: A robustness constraint approach[END_REF], and [START_REF] Weiss | Model predictive control for spacecraft rendezvous and docking: Strategies for handling constraints and case studies[END_REF]). In addition, the systems can be affected by parameter uncertainties, that can modify their behaviour. In order to design a controller that can counteract the effects of parameter uncertainties, taking into account state and input constraints, robust control techniques are required. For instance, the MPC is a technique in which the current control action is obtained by solving on-line, at each sampling instant, a finite horizon open-loop optimal control problem, using the current state of the plant as the initial state. The solution produces an optimal control sequence and the first control in that sequence is applied to the system [START_REF] Mayne | Constrained model predictive control: Stability and optimality[END_REF].

Regarding the control design for constrained systems, in [START_REF] Leurent | Robust-adaptive control of linear systems: beyond quadratic costs[END_REF], an adaptive MPC for linear systems with unknown parameters and disturbances is proposed. Also, in [START_REF] Bujarbaruah | Robust MPC for LPV systems via a novel optimization-based constraint tightening[END_REF], an MPC for constrained uncertain linear systems is proposed. In this work, the robustness of the system constraints and Input-to-State Stability (ISS) of the closed-loop system is guaranteed. Meanwhile, for linear parameter varying (LPV) systems, the MPC approach is also well-used. For instance, in [START_REF] Ding | On dynamic output feedback robust MPC for constrained quasi-LPV systems[END_REF], an output feedback robust MPC for quasi-LPV systems with bounded noise is proposed. This work utilizes both, an ellipsoidal bound and a polyhedral bound in the main optimization problem, and asymptotic convergence of the state trajectories to a neighborhood of the origin is guaranteed. In [START_REF] Ding | Output feedback robust MPC for LPV system with polytopic model parametric uncertainty and bounded disturbance[END_REF], an output feedback robust MPC is proposed for disturbed LPV systems. In this algorithm single-step dynamic output feedback robust MPC, where the infinite-horizon control moves, are parameterized as a dynamic output feedback law. However, this proposal demands heavy computational burden to achieve the control task. The MPC can also be applied to discrete-time systems, in [START_REF] Mayne | Robust output feedback model predictive control of constrained linear systems: Time varying case[END_REF], an output feedback MPC for discrete-time linear systems affected by bounded state and output disturbances is considered. The controller is based on a stable state estimator and an MPC. The proposed robust output feedback controller requires the online solution of a standard quadratic program. The closed-loop system renders a specified invariant set robustly exponentially stable. It is worth mentioning that most of the MPC results given in the literature are devoted to linear systems, and this could be restrictive.

Concerning the application of the MPC approach to nonlinear systems, in [START_REF] Manzano | Robust learning-based MPC for nonlinear constrained systems[END_REF], a robust learning-based MPC is proposed for nonlinear systems subject to input and output constraints. A nonparametric machine learning technique is used to estimate the prediction model; and thus, an MPC, without terminal constraint, is obtained ensuring the asymptotic stability of the closed-loop system. In [START_REF] Sun | Robust MPC for tracking constrained unicycle robots with additive disturbances[END_REF], a robust MPC is proposed for tracking unicycle robots with input constraint and bounded disturbances. In this work ISS properties are guaranteed and the constraints are ensured by tightening the input domain and the terminal region. The MPC can also be applied to nonlinear discrete-time systems, in [START_REF] Xie | Robust MPC for disturbed nonlinear discrete-time systems via a composite self-triggered scheme[END_REF], a periodic formulation of MPC with a composite self-triggered mechanism is proposed to reduce the communication and computational burden while maintaining the desired control performance for disturbed nonlinear discrete-time systems. However, the algorithm has a relatively low tolerance to disturbances due to the state error bounds are derived by means of Lipschitz properties. In the previous works, a heavy computational burden is needed, due to the MPC being active during the control task.

The MPC can be also combined with other techniques, e.g., sliding-mode control (SMC), and interval observers techniques, in order to improve its behavior. For instance, in [START_REF] Rubagotti | Robust model predictive control with integral sliding mode in continuous-time sampled-data nonlinear systems[END_REF], a combination of robust MPC with SMC is proposed for nonlinear constrained uncertain systems. The proposed approach provides Input-to-State practically Stable properties. Meanwhile, in [START_REF] Ji | Stabilizing terminal constraint-free nonlinear MPC via sliding mode-based terminal cost[END_REF], an MPC is proposed for nonlinear systems based on a terminal cost function characterized by an implicit SMC law. However, in order to guarantee the asymptotic stability of the closed-loop system, a linearized model is required. In [START_REF] Reis De Souza | Robust output feedback model predictive control for constrained linear systems via interval observers[END_REF], an interval observer and predictor are incorporated into the classic MPC scheme for discrete-time constrained linear systems with bounded state disturbances. Nevertheless, most of the above-mentioned works can only guarantee ISS properties, require the system trajectories and do not take into account sampled control.

Motivated by these issues, this paper proposes the design of a robust sampled controller to stabilize continuoustime nonlinear systems, taking into account state and input constraints. The robust controller is based on a discretetime interval predictor-based state-feedback controller and an MPC approach. The proposed control approach possesses the following features: 1) Characterization of a safe set, where the state constraints are not transgressed. 2) Low computational cost since the MPC is only activated out of the safe set. 3) Practical Uniform Asymptotic Stability of the constrained nonlinear systems is proved. 4) The synthesis of the controller is constructive since is based on LMIs. 5) The system states are not required 1 .

The organization of this work is as follows. In Section II the problem statement is described. Section III presents some preliminary concepts. The robust control design is introduced in Section IV. Simulation results are depicted in Section V. Finally, the conclusions are presented in Section VI.

Notation: The sets of real and natural numbers are defined by R and N, respectively; R + = {s ∈ R : s ≥ 0}, and N + = {s ∈ N : s ≥ 0}. For a matrix A, we define A + = max{0, A} and A -= A + -A (similarly for vectors). For two vectors x 1 , x 2 ∈ R n or matrices A 1 , A 2 ∈ R n×n , the relations x 1 ≤ x 2 and A 1 ≤ A 2 are understood in an element-wise sense. The relation P ≺ 0 (P 0) means that a symmetric matrix P ∈ R n×n is negative (positive semi-) definite. For a Lebesgue measurable function w : R + → R q , define w (t0,t1) := ess sup t∈(t0,t1) w(t) ; then, w ∞ = w (0,+∞) and the set of all the functions w with the property w ∞ < +∞ is denoted as L q ∞ . A matrix is called Metzler when all its non-diagonal coefficients are non-negative.

II. PROBLEM STATEMENT

Consider the following class of nonlinear system

ẋ(t) = f (x(t)) + Bu(t), t ≥ 0, (1) 
where

x(t) ∈ R n is the state, f : R n → R n is a locally Lipschitz function, u(t) ∈ R p is the control input. The matrix B is known of suitable dimension. It is considered that u ∈ U := {u ∈ R p | -u max ≤ u ≤ u max }, with 0 < u max ∈ R p
as the vector containing the maximum value that each control signal can take. Additionally, the control is sampled,

i.e., u(t) = u(t k ), for t ∈ [t k , t k+1 ) and k ∈ N + .
Moreover, the solutions of the system (1) must be constrained inside the polytope

X := {x ∈ R n |bx ≤ 1 kx }, (2) 
where b = (b 1 , . . . , b kx ) ∈ R kx×n , with b i ∈ R n being some given vectors that characterize the state constraints, k x ∈ N is the number of the polytope faces, and

1 kx = (1, . . . , 1) ∈ R kx .
Before proceeding, the following assumptions are imposed on the system (1). Assumption 1. There exist a known Metzler matrix A 0 ∈ R n×n and known matrices A j ∈ R n×n , j = 1, N for some N ∈ N, such that the following relations are satisfied

f (x) =   A 0 + N j=1 α j (x)A j   x, N j=1 α j (x) = 1, α j (x) ∈ (0, 1), j = 1, N . Assumption 2. There exist known vectors x 0 , x 0 ∈ R n such that x 0 ≤ x(0) ≤ x 0 .
Assumption 1 characterizes the class of nonlinearities of the system (1), i.e., those that can be expressed by a sum of a linear term, A 0 x, and a convex nonlinear function, N j=1 α j (x)A j x. On the other hand, Assumption 2 and the condition that A 0 must be Metzler, are required to design an interval predictor (IP) for the system [START_REF] Allenspach | Nonlinear model predictive control and guidance for a propeller-tilting hybrid unmanned air vehicle[END_REF].

The aim of this manuscript is to design a sampled control law in order to ensure the stabilization of the system (1), taking into account the input and state constraints, i.e., x ∈ X and u ∈ U , under Assumptions 1 and 2.

III. PRELIMINARIES

Lemma 1. [START_REF] Efimov | Interval estimation for LPV systems applying high order sliding mode techniques[END_REF] Let x ∈ R n be a vector variable, x ≤ x ≤ x for some x, x ∈ R n , then

• If A ∈ R m×n is a constant matrix then A + x -A -x ≤ Ax ≤ A + x -A -x.
(3)

• If A ∈ R m×n is a variable matrix and A ≤ A ≤ A for some A, A ∈ R m×n , then A m ≤ Ax ≤ A M . (4) 
with 

A m = A + x + -A + x --A -x + +A -x -and A M = A + x + -A + x --A -x + + A -x -. Lemma 2. [17] Let λ : [a, b] → R

IV. CONTROL DESIGN

The proposed controller comprises the design of a robust control law, which is composed by an interval predictorbased state-feedback controller and the MPC, which deals with state and input constraints. We will show that there exists a safe set for the interval-predictor based state-feedback controller, where the state constraints are not transgressed, that characterizes the regions where each controller is activated: the MPC is activated outside the safe set while the statefeedback controller is applied inside of it. Since the control is sampled, for the continuous-time system (1), a discretetime interval predictor is designed, which takes into account the error of discretization and guarantees a careful treatment of the constraints.

The following section addresses the design of the IP for the nonlinear system (5) satisfying Assumptions 1 and 2.

A. Interval Predictor

According to Assumption 1, the system (1) has the following representation

ẋ(t) =   A 0 + N j=1 α j (x)A j   x(t) + Bu(t). (5) 
Based on [START_REF] Reis De Souza | Robust output feedback MPC for LPV systems using interval observers[END_REF], applying (4) to α j (x)x, the relation -x -≤ α j (x)x ≤ x + holds. Thus, according to (3), the following inequalities can be obtained

∆A m ≤ N j=1 α j (x)A j x ≤ ∆A M ,
where

∆A m = -∆A + x --∆A -x + and ∆A M = ∆A + x + + ∆A -x -, with ∆A + = N i=1 A + i and ∆A -= N i=1 A - i .
Then, a continuous-time IP for system (5) can be stated as follows [START_REF] Leurent | Robust-adaptive interval predictive control for linear uncertain systems[END_REF] 

ż(t) = A 0 z(t) + A 1 z + (t) + A 2 z -(t) + Bu(t), (6) 
where z = [x , x ] ∈ R 2n is the extended state vector of the predictor, the extended system matrices

A 0 ∈ R 2n×2n , A 1 ∈ R 2n×2n , A 2 ∈ R 2n×2n
, and B ∈ R 2n×p are given as

A 0 = A 0 0 0 A 0 , A 1 = 0 -∆A - 0 ∆A + , A 2 = -∆A + 0 ∆A -0 , B = B B .
Being properly initialized by x(0) = x 0 and x(0) = x 0 , this IP ensures the desired interval inclusion property [START_REF] Leurent | Robust-adaptive interval predictive control for linear uncertain systems[END_REF]:

x(t) ≤ x(t) ≤ x(t), ∀t ≥ 0.
Then, for any t ≥ t 0 ≥ 0 the solution of system ( 6) is given by

z(t) = e A0(t-t0) z(t 0 ) + t t0 e A0(t-τ ) Bu(τ )dτ + t t0
e A0(t-τ ) g(z(τ ))dτ, [START_REF] Ding | On dynamic output feedback robust MPC for constrained quasi-LPV systems[END_REF] where g(z(t)) = A 1 z + (t) + A 2 z -(t). The expression [START_REF] Ding | On dynamic output feedback robust MPC for constrained quasi-LPV systems[END_REF], with a sampled control u(t) = u(t k ), for t ∈ [t k , t k+1 ), and k ∈ N + , and t 0 = 0, generates a discrete-time sequence:

z(t k+1 ) = e A0h z(t k ) + h 0 e A0(h-s) Bds • u(t k ) + t k+1 t k e A0(t k -s) g(z(s))ds,
where h = t k+1 -t k is the sampling interval, which we select to be constant for brevity, and t k is the sampling time instant. Then, adding and subtracting the term 8) can be rewritten as

h 0 e A0(h-s) ds • g(z k ), it follows that z(t k+1 ) = e A0h z(t k ) + h 0 e A0(h-s) Bds • u(t k ) + h 0 e A0(h-s) ds • g(z(t k )) + ϕ k , (8) with ϕ k = t k+1 t k e A0(t k+1 -s) [g(z(s)) -g(z(t k ))]ds. Let us consider the notation z(t k ) = z k , u(t k ) = u k , and G = h 0 e A0(h-s) ds ∈ R 2n×2n . Thus, (
z k+1 = A 0 z k + Bu k + Gg(z k ) + ϕ k , (9) 
with A 0 = e A0h ∈ R 2n×2n and B = GB ∈ R 2n×p . However, note that the interval predictor (9) cannot be implemented since ϕ k , which characterizes the discretization accuracy and that is dependent on z(t) with t ∈ [t k , t k+1 ], cannot be computed. Thus, consider the following predictor

ẑk+1 = A 0 ẑk + Bu k + Gg(ẑ k ). (10) 
Then, in order to stabilize the nonlinear dynamics (1), we need to design u k to take the trajectories of the system [START_REF] Manzano | Robust learning-based MPC for nonlinear constrained systems[END_REF] to zero dealing with the state and input constraints. Let us propose the following control law for the system ( 9)

u k = ūk if ẑk ∈ R, ûk if ẑk ∈ R, ( 11 
)
where ūk is the control signal computed by the MPC algorithm and ûk is the state-feedback control law. Be aware that ûk is applied only inside the safe set R, which is defined further on, where the states constraints are not transgressed.

In the following sections we describe the design of each part of the controller.

B. State-Feedback Control

Let us propose the following state-feedback control

ûk = K 0 ẑk + K 1 ẑ+ k + K 2 ẑ- k . ( 12 
)
Be aware that ( 12) is a nonlinear state-feedback control law due to the terms ẑk and ẑ+ k . The next theorem provides a way to compute the controller gains K 0 , K 1 , K 2 ∈ R p×2n . Lemma 3. Let Assumptions 1 and 2 be satisfied, and the control law (12) be applied to the system [START_REF] Mayne | Robust output feedback model predictive control of constrained linear systems: Time varying case[END_REF]. Suppose that there exist some symmetric matrices

Q 0 , Q 1 , Q 2 ∈ R 2n×2n , a diagonal matrix R 3 ∈ R 2n×2n , some matrices 0 ≺ X 1 = X 1 ∈ R 2n×2n , Y 1 , Y 2 ∈ R 2n×2n X 2 ∈ R 2n×p , K 1 ∈ R p×2n , and K 2 ∈ R p×2n , such that the following set of LMIs          -X1 Y2 Y3 0 Σ16 Σ17 X1 Σ22 Σ23 0 Σ26 0 0 Σ33 0 Σ36 0 0 -γI I 0 0 -X1 0 0 -γI 0 -X2          0, (13) 
Σ16 = X1A 0 + Y1B , Σ17 = 2γkaX1, Σ22 = 4γk 2 e 2 A 1 A1 + Q1, Σ23 = 4γk 2 e 2 A 1 A2 + R3, Σ26 = A 1 G + K 1 B , Σ33 = 4γk 2 e 2 A 2 A2 + Q2, Σ36 = A 2 G + K 2 B ,
is feasible for some fixed constants

k e1 = 1 + e k ξ k ξ , k e2 = k e1 k ξ , k ξ = ξν -1 (1 -e -νh ), k a = k e1 ξ -||A 0 || -L||G||, with γ, ξ, α > 0, L = 2 max{||A 1 ||, ||A 2 ||}, and ν = |Re{λ max {A 0 }}|. If the following inequality X + min{Q 1 , Q 2 } + 2 min{R 1 , R 2 } 0, (14) 
holds with X = -αX -1

1 + X -1 2 , R 1 = X -1 1 Y 1 , and R 2 = X -1
1 Y 2 ; the IP (10) is initialized as ẑ0 = (x 0 ,x 0 ) , and the controller gains are selected as K 0 = X 2 X -1 1 , K 1 , K 2 , and S 1 ; then, the origin of the system dynamics (9) is practically Uniformly Asymptotically Stable (practically UAS) 2 . Moreover, the safe set is given as

R = {z k ∈ R 2n : ẑ k X -1 1 ẑk ≤ ε}, (15) 
with ε = α -1 q 1 and

q 1 = 8(k e1 -||A 0 || -L||G||) 2 z2 + 8k 2 e2 ||B|| 2 ū2 max + (2ẽz + ẽ2 )λ max {P } + 2[zc 1 + ẽc 2 + c 4 φ]ẽ,
2 For more details of this type of convergence rate, please see [START_REF] Moreau | Practical stability and stabilization[END_REF].

z = 2k x λ -1 max {b b}, u max = ||u max ||, ẽ = [k e1 (ξ + 1) + k ξ (||A 1 || + ||A 2 ||)]z + k ξ [||B||u max + λ -1/2 max {R 0 }], φ = ẽ -[2||A 0 || + 2L||G||]z.
for a given b, u max , and

c 1 = (|| Ã0 || + || Ã1 || + || Ã2 ||)||P B||K, (17a) 
c 2 = (0.5||K 0 || + ||K 1 || + ||K 2 ||)||P BK 0 || (17b) 
+ (||K 0 || + 0.5||K 1 || + ||K 2 ||)||P BK 1 || + (||K 0 || + ||K 1 || + 0.5||K 2 ||)||P BK 2 ||, c 3 = || S 1 P B||K, (17c) 
c 4 = ||P B||K, (17d) 
where then, the trajectories of the system (1) fulfill the state constraints, i.e., x ∈ X .

Ã0 = A 0 + BK 0 , Ã1 = GA 1 + BK 1 , Ã2 = GA 2 + BK 2 , and K = ||K 0 || + ||K 1 || + ||K 2 ||. Additionally, for P = αP/q 1 ∈ R 2n×2n , with P = X -1 1 , if the following inequalities b i P -1 x b i ≤ 1, b i P -1 x b i ≤ 1, (18) 
Due to space limitation, the proofs of all the results are omitted.

C. Design of the Model Predictive Control

For the design of the MPC the following assumption is considered.

Assumption 3. There exist some gains K 0 , K 1 , K 2 ∈ R p×2n , satisfying the conditions of Lemma 3,and 

ûk (t) = K 0 ẑk (t)+ K 1 ẑ+ k (t) + K 2 ẑ- k (t) ∈ U
, for all z k ∈ R and t ≥ 0. Assumption 3 implies that the invariant set R, which is the safe set of system (1), is completely contained inside the polytope (2), i.e., the constrained region X .

Let us consider that the prediction can be performed in a receding horizon fashion with a window length N > 1.

The interval predictor [START_REF] Manzano | Robust learning-based MPC for nonlinear constrained systems[END_REF] has a sequence of inputs S N = {s 0 , . . . , s N -1 }, with s m ∈ U for all m = 0, N -1, the values ẑk,m+1 will be calculated for m = 0, N -1 under substitution u k+m = s m . Let us define ẑk+j = ẑk,j , for j = 0, N . Thus, the optimal control problem to be solved by the MPC is given as follows:

Problem 1. For given matrices 0 ≺ W = W ∈ R 2n×2n , 0 ≺ H = H ∈ R 2n×2n , and M = M ∈ R p×p , to find the control signals

S k N = argminV N (ẑ k,0 , . . . , ẑk,N , S N ), (19) 
with the cost function

V N V N (ẑ k,0 , . . . , ẑk,N , S N ) = V f (ẑ k,N ) + N -1 m=0 (ẑ k,m , s m ),
where V f (ẑ) = ẑ W ẑ, (ẑ, s) = ẑ H ẑ + s M s, such that the following constraints are satisfied: a) ẑk+j , for j = 0, N are computed by [START_REF] Manzano | Robust learning-based MPC for nonlinear constrained systems[END_REF]. b)

u k ∈ U . c) ẑk,N ∈ R.
Finally, considering the results of Lemma 3 and the solution of the Problem 1 the following theorem is presented.

Theorem 1. Let the Assumptions 1-3 be satisfied; then, the closed-loop system composed by (1), ( 10) and (11) has the following features: i) Recursive feasibility to reach R in N steps; ii) The origin of the system dynamics (9) is practically UAS, in the safe set R; iii) The state and input constraints are not transgressed.

Note that the proposed MPC is based on the conventional MPC scheme; thus, the proof of Theorem 1 is based on classic results for MPC schemes [START_REF] Mayne | Constrained model predictive control: Stability and optimality[END_REF].

V. SIMULATION RESULTS

Consider the following nonlinear system

ẋ1 ẋ2 = -1 6 + 2 sin(x1) 2 sin(x2) -1 x1 x2 + 0 1 u.
It is possible to show that this system satisfies Assumption 1. The matrices A 0 and A j can be obtained by a convex polythopic method, e.g., that one given in [START_REF] Nagy | Systematic multimodeling methodology applied to an activated sludge reactor model[END_REF]. Let us consider that u max = 5, x 1 ∈ (-12, 12) and x 2 ∈ (-5, 5), and hence the state constraints are b 1 = (1/12, 0) , b 2 = -b 1 , b 3 = (0, 1/5) , and b 4 = -b 3 . The initial conditions for the system are x(0) = (2, -1) and for the IP are ẑk (0) = (-2.5, -1.6, 2.5, 1.6) .

All the simulations are done in MATLAB with Euler discretization method, integration step equal to 0.0001 [s] and sampling time h = 0.1 [s]. The solution for the LMI's are found by means of SDPT3 solver among YALMIP while the MPC is implemented using the nlmpc MATLAB toolbox.

For the matrix inequalities of Lemma 3, selecting γ = 0.1, and fixing Q 1 = Q 2 = -0.05I, the following feasible solution is obtained: Then, with α = 0.1 it is possible to verify that condition ( 14) is fulfilled. For the MPC, let us consider W = I , H = 1000I, M = 0.0001, and N = 10.

P =    0.
The system trajectories, the IP [START_REF] Manzano | Robust learning-based MPC for nonlinear constrained systems[END_REF] trajectories and the corresponding state constraints are depicted in Fig. 1. Note that both the IP and the system trajectories never transgress the system constraints. On the other hand, in Fig. 2 it is noticed that the initial conditions of the system are outside the safe set R, but inside of the state constraints. However, the MPC takes the trajectories of the system towards the safe set R and they remain inside of it. Additionally, in Fig. 3 it can be seen that the control signal do not transgress the input constraints.

VI. CONCLUSIONS

This paper deals with the design of a robust sampled-time controller for the stabilization of continuous-time nonlinear systems, taking into account state and input constraints. The proposed controller comprises the design of a robust control law, which is based on an interval predictor-based state-feedback controller and an MPC approach, that deals with the state and input constraints. A safe set is provided where the state constraints are not violated. The safe set characterizes the region where the MPC is activated, i.e., out of this set, guaranteeing the fulfillment of the state and input constraints. The proposed switched control strategy guarantees the practical Uniform Asymptotic Stability of the considered nonlinear systems without using the system states. 
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 123 Figure 1. System trajectories and state constraints

  11 P 21 , with P 11 ∈ R n×n , P 21 ∈ R n×n , P 22 ∈ R n×n , and

	P =	P 11 P 21 P 21 P 22	,

hold for P x = P 11 -P 21 P -1 22 P 21 and P x = P 22 -P 21 P -1

Note that its noisy measurements may be used to refine the available information on the set of admissible values.
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