Monitoring the Combustion Set of a Gas Turbine �

M. BASSEVILLE^y, A. BENVENISTE, G. MATHIS, Q. ZHANG^z

IRISA, Campus de Beaulieu, 35042 RENNES Cedex, France - e-mail: name@irisa.fr

Abstract. In this paper, we investigate the problem of monitoring the combustion chambers of the gas turbine of an electrical power generator. We describe a general approach for detecting small changes, which can be applied to a wide class of nonlinear systems, can deal with a reduced order and biased signature of the monitored system, and is robust with respect to changes in the functioning mode. We also describe a statistical method for diagnosing the detected changes in the combustion chambers. We report about the processing of a signi�cant amount of real data from two different types of turbines.

Key Words. Failure detection; identi�cation; diagnosis; gas turbines

1 Introduction

These last years, in a great number of industrial applications, an increasing demand appeared for replacing systematic maintenance by conditional maintenance strategies which are based upon the continuous supervision of the considered machine or structure or process. In this framework, it has been shown that a possible solution consists in the early warning of small deviations with respect to a signature of the machine or structure corresponding to its usual working conditions. We have developed an approach for this problem, the so-called asymptotic local approach for change detection [3, 4, 7]. Its original principle consists in characterizing a system via some identi�ed (possibly nonlinear) model, and then to monitor its changes using some data-to-model distance also derived from identi�cation techniques and from the statistical local approach.

In this paper, we discuss the application of this approach to the monitoring of the combustion chambers of the gas turbine of an electrical power generator, using the temperature measurements which are taken at the output of the expansion turbine. We discuss in detail the modeling, identi�cation, failure detection and diagnosis issues. It turns out that the model of interest is a static nonlinear model with noisy inputs and outputs. It is known that the parameters of such ∗T⟨⟩∫ ⊒≀∇‖ ⟩∫ ∫⊓√√≀∇⊔⌉⌈ ⌊† A↕⌋⊣⊔⌉↕ A↕∫⊔⟨≀⇕ R⌉⌋⟨⌉∇⌋⟨⌉ ⊣\⌈ E⊓↖ ∇≀√⌉⊣\ G⊣∫ T⊓∇⌊⟩\⌉ SA∅ C⟨∇⟩∫⊔≀√⟨⌉ ⌈⌉ M⊣⟩\⌈∇⌉⊑⟩↕↕⌉ ⊣\⌈ P⟩⌉∇∇⌉ D⊓∇⊣\⌈⇔ {∇≀⇕ A↕⌋⊣⊔⌉↕ A↕∫⊔⟨≀⇕ R⌉⌋⟨⌉∇⌋⟨⌉⇔ ⊣\⌈ T⟨⟩⌉∇∇† P≀⊓∇⌋⟨≀⊔⇔ F∇⊣\⌋�≀⟩∫ C≀∫⊔⊣ ⊣\⌈ D⟩⌈⟩⌉∇ C⊣⊑⊣↕⌉∇⟩⌉ {∇≀⇕ E⊓∇≀√⌉⊣\ G⊣∫ T⊓∇⌊⟩\⌉ SA⇔ ⊣∇⌉ }∇⊣⊔⌉{⊓↕↕† ⊣⌋‖\≀⊒↕⌉⌈}⌉⌈ {≀∇ ⊔⟨⟩∫ ⌋≀≀√⌉∇⊣⊔⟩≀\↙ † M↙B↙ ⟩∫ ⊣↕∫≀ ⊒⟩⊔⟨ CNRS↙ ‡ A↙B↙ ⊣\⌈ Q↙Z↙ ⊣∇⌉ ⊣↕∫≀ ⊒⟩⊔⟨ INRIA↙

⊣ ⇕≀⌈⌉↕ ⌋⊣\\≀⊔ ⌊⌉ ⟩⌈⌉\⊔⟩⊘⌉⌈ ⊒⟩⊔⟨≀⊓⊔ ⊣ ⌊⟩⊣∫ ∪▽⊎↙ W⌉ ⌋↕⊣⟩⇕ ⊔⟨⊣⊔ ⊔⟨⟩∫ ⌊⟩⊣∫ ⌈≀⌉∫ \≀⊔ √∇⌉⊑⌉\⊔ {∇≀⇕ ⊣\ ⊣⌋⌋⊓∇⊣⊔⌉ ⇕≀\⟩⊔≀∇⟩\} ≀{ ∫↕⟩}⟨⊔ ⌋⟨⊣\}⌉∫ ⟩\ ⊔⟨⌉ ∫†∫⊔⌉⇕ √⊣∇⊣⇕⌉⊔⌉∇∫ ∪⊎↙ A⌋⊔⊓⊣↕↕† ⊒⌉ ⟨⊣⊑⌉ ∫⟨≀⊒\ ⊔⟨⊣⊔ ⇕≀⌈⌉↕ ∇⌉⌈⊓⌋⊔⟩≀\ ⌋⊣\ ⌊⌉ ⌉\{≀∇⌋⌉⌈∅ ⌊⟩⊣∫⌉⌈ ⟩⌈⌉\⊔⟩⊘⌋⊣⊔⟩≀\ √∇≀⌋⌉⌈⊓∇⌉∫ ⌋⊣\ ⌊⌉ ⊓∫⌉⌈∅ ⊣\⌈ ⊘\⊣↕↕† ≀\⌉ ⌋⊣\ ⌉⊑⌉\ }⌉⊔ ∇⟩⌈ ≀{ ⟩⌈⌉\⊔⟩⊘↖ ⌋⊣⊔⟩≀\ {≀∇ }⌉⊔⊔⟩\} ⊔⟨⌉ ∫⟩}\⊣⊔⊓∇⌉⇔ ⊣\⌈ ⊓∫⌉ ⟩\∫⊔⌉⊣⌈ ∫≀⇕⌉ ⇕⊓⌋⟨ ∫⟩⇕√↕⌉∇ M≀\⊔⌉↖C⊣∇↕≀ ⌉∫⊔⟩⇕⊣⊔⟩≀\ ⊔⌉⌋⟨\⟩∐⊓⌉ √∇⟩≀∇ ⊔≀ ⌋⟨⊣\}⌉ ⌈⌉⊔⌉⌋⊔⟩≀\↙ I\ ⊔⟨⟩∫ √⊣√⌉∇⇔ ⊒⌉ ∫⟨≀⊒ ⟨≀⊒ ⊔≀ ⟩⇕↖ √↕⌉⇕⌉\⊔ ⊔⟨⟩∫ ⌉§⊔⌉\⌈⌉⌈ ⊣∫†⇕√⊔≀⊔⟩⌋ ↕≀⌋⊣↕ ⊣√√∇≀⊣⌋⟨ {≀∇ ⊔⟨⌉ ⇕≀\⟩⊔≀∇⟩\} ≀{ ⊔⟨⌉ ⌋≀⇕⌊⊓∫⊔⟩≀\ ⌋⟨⊣⇕⌊⌉∇∫⇔ {≀∇ ⊔⟨⌉ ⌈⌉⊔⌉⌋⊔⟩≀\ ≀{ ⌊≀⊔⟨ ∫⊓⌈⌈⌉\ {⊣⟩↕⊓∇⌉∫ ⊣\⌈ }∇⊣⌈⊓⊣↕ ⟩\⌋⟩√⟩⌉\⊔ {⊣⟩↕⊓∇⌉∫↙ M≀∇⌉≀⊑⌉∇ ⊒⌉ ⌈⌉∫⌋∇⟩⌊⌉ ⟨≀⊒ ⊔≀ ⊓∫⌉ ⊔⟨⌉ ∫≀↖ ⌋⊣↕↕⌉⌈ ⇕⟩\↖⇕⊣§ ∇≀⌊⊓∫⊔ ⊣√√∇≀⊣⌋⟨ ⇐‖\≀⊒\ {≀∇ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⟩\{⌉∇⌉\⌋⌉ ⟩\ ⊔⟨⌉ √∇⌉∫⌉\⌋⌉ ≀{ \⊓⟩∫⊣\⌋⌉ √⊣∇⊣⇕⌉⊔⌉∇∫⇒ {≀∇ ⌈⟩⊣}\≀∫⟩\} ⊔⟨⌉ ⌈⌉⊔⌉⌋⊔⌉⌈ ⌋⟨⊣\}⌉∫↙ T⟨⌉ √⊣√⌉∇ ⟩∫ ≀∇}⊣\⟩‡⌉⌈ ⊣∫ {≀↕↕≀⊒∫↙ I\ ∫⌉⌋⊔⟩≀\ ∈⇔ ⊒⌉ ⌈⌉∫⌋∇⟩⌊⌉ ⊔⟨⌉ ⊔⟨⌉∇⇕≀⌈†\⊣⇕⟩⌋ ⇕≀⌈⌉↕ ≀{ ⊔⟨⌉ ⌋≀⇕⌊⊓∫⊔⟩≀\ ⌋⟨⊣⇕⌊⌉∇∫ ≀{ ⊣ }⊣∫ ⊔⊓∇⌊⟩\⌉⇔ ⊣\⌈ ⊒⌉ ⌈⟩∫⌋⊓∫∫ ⟩⌈⌉\⊔⟩⊘⌋⊣⊔⟩≀\ ⟩∫∫⊓⌉∫↙ I\ ∫⌉⌋⊔⟩≀\ ∋⇔ ⊒⌉ ⌈⌉∫⌋∇⟩⌊⌉ ⟨≀⊒ ⊔≀ ⌈⌉⊔⌉⌋⊔ ∫⇕⊣↕↕ ⌋⟨⊣\}⌉∫ ⟩\ ⊔⟨⌉ ⌋≀⇕⌊⊓∫⊔⟩≀\ ⌋⟨⊣⇕⌊⌉∇∫⇔ ⊒⟨⟩↕⌉ ⌊⌉⟩\} ∇≀↖ ⌊⊓∫⊔ ⊒⟩⊔⟨ ∇⌉∫√⌉⌋⊔ ⊔≀ ⌋⟨⊣\}⌉∫ ⟩\ ⊔⟨⌉ {⊓\⌋⊔⟩≀\⟩\} ⇕≀⌈⌉↙ I\ ∫⌉⌋⊔⟩≀\ △⇔ ⊒⌉ ⌈⌉∫⌋∇⟩⌊⌉ ⟨≀⊒ ⊔≀ ⌈⟩⊣}\≀∫⌉ ⊔⟨⌉ {⊣⟩↕⌉⌈ ⌋⟨⊣⇕⌊⌉∇⇔ ⊣∫∫⊓⇕⟩\} ⊔⟨⊣⊔ ⊔⟨⌉ \⊓⇕⌊⌉∇ ≀{ {⊣⟩↕⌉⌈ ⌋⟨⊣⇕↖ ⌊⌉∇∫ ⟩∫ ‖\≀⊒\⇔ ⊣\⌈ ⊣↕∫≀ ⟨≀⊒ ⊔≀ ⌉∫⊔⟩⇕⊣⊔⌉ ⊔⟨⌉ \⊓⇕⌊⌉∇ ≀{ {⊣⟩↕⌉⌈ ⌋⟨⊣⇕⌊⌉∇∫↙ F⟩\⊣↕↕†⇔ ⟩\ ∫⌉⌋⊔⟩≀\ ▽⇔ ⊒⌉ ⌈⟩∫⌋⊓∫∫ ⌉§√⌉∇⟩⇕⌉\⊔⊣↕ ∇⌉∫⊓↕⊔∫ ≀\ ∇⌉⊣↕ ⌈⊣⊔⊣↙

∈ M≀⌈⌉↕⟩\} ⊣\⌈ ⟩⌈⌉\⊔⟩⊘⌋⊣⊔⟩≀\

I\ ⊔⟨⟩∫ ∫⌉⌋⊔⟩≀\⇔ ⊒⌉ ⌈⌉∫⌋∇⟩⌊⌉ ⊔⟨⌉ ⇕≀⌈⌉↕⟩\} ≀{ ⊣ }⊣∫ ⊔⊓∇↖ ⌊⟩\⌉⇔ ⊣\⌈ ⇕≀∇⌉ √∇⌉⌋⟩∫⌉↕† ≀{ ⊔⟨⌉ ∫⊓⌊↖∫†∫⊔⌉⇕ ⌋≀⇕√≀∫⌉⌈

≀{ ⊔⟨⌉ ⌋≀⇕⌊⊓∫⊔⟩≀\ ⌋⟨⊣⇕⌊⌉∇∫ ⊣\⌈ ⊔⟨⌉ ⌉§√⊣\∫⟩≀\ ⊔⊓∇⌊⟩\⌉↙ W⌉ }⟩⊑⌉ ⊣ ∇⌉↕⌉⊑⊣\⊔ ⊔⟨⌉∇⇕≀⌈†\⊣⇕⟩⌋ ⇕≀⌈⌉↕ {≀∇ ⊔⟨⟩∫ ⌋≀⇕↖ ⌊⊓∫⊔⟩≀\ ∫⌉⊔⇔ ⊒⟨⟩⌋⟨ ⊔⊓∇\∫ ≀⊓⊔ ⊔≀ ⌊⌉ \≀\↕⟩\⌉⊣∇ ⊒⟩⊔⟨ \≀⟩∫† ⟩\√⊓⊔∫ ⊣\⌈ ≀⊓⊔√⊓⊔∫↙ A\ ⊓\⌊⟩⊣∫⌉⌈ √⊣∇⊣⇕⌉⊔∇⟩⌋ ∫⟩}\⊣⊔⊓∇⌉ ⟩∫ ⊔⟨⊓∫ ⟩⇕√≀∫∫⟩⌊↕⌉ ⊔≀ }⌉⊔ ∪▽⊎↙ B⊓⊔ ⊒⌉ ⟨⊣⊑⌉ ∫⟨≀⊒\ ∪⊎ ⊔⟨⊣⊔ ⊔⟨⟩∫ ⌊⟩⊣∫ ⌈≀⌉∫ \≀⊔ √∇⌉⊑⌉\⊔ ⊣ √∇⌉⌋⟩∫⌉ ⇕≀\⟩⊔≀∇⟩\} ≀{ ∫⇕⊣↕↕ ⌋⟨⊣\}⌉∫ ⟩\ ⊔⟨⌉ ⌋≀⇕⌊⊓∫⊔⟩≀\ ∫⌉⊔↙ W⌉ ⊣∇⌉ ⟩\⊔⌉∇⌉∫⊔⌉⌈ ⟩\ ⇕≀\⟩⊔≀∇⟩\} ⊔⟨⌉ ∞′ ⌋≀⇕⌊⊓∫⊔⟩≀\ ⌋⟨⊣⇕⌊⌉∇∫ ⊣\⌈ ⊔⟨⌉ ⌉§√⊣\∫⟩≀\ ⊔⊓∇⌊⟩\⌉⇔ ⊓∫⟩\} ⊔⟨⌉ ⇕⌉⊣↖ ∫⊓∇⌉⇕⌉\⊔∫ }⟩⊑⌉\ ⌊† ⊔⟨⌉ ∞∀ ⊔⟨⌉∇⇕≀⌋≀⊓√↕⌉∫↙ I⊔ ⟩∫ ∫⟨≀⊒\ ⟩\ ∪⊎̸ ⊔⟨⊣⊔ ⊔⟨⌉ ⊔⌉⇕√⌉∇⊣⊔⊓∇⌉∫ ⇕⌉⊣∫⊓∇⌉⌈ ⌊† ⊔⟨⌉ ∞∀ ⊔⟨⌉∇↖ ⇕≀⌋≀⊓√↕⌉∫ y j can be expressed in the following way. y_j = T_s T_e ( T_e + T_e − T2 C 9∑ i=0 a_ig(ϕ^t_j − ϕ^c_i − d) )

+ b cos(ϕ^t_j − ϕ^s) + w_j, j = 0, . . ., 17 ↼1↽ d = D(T_e, T_s, N ) + d0+ d6sin(ϕ^t_j − ϕ^s) where the notations are explained as follows. We use a zero mean function g(·) to express the shape of the temperature proffle generated by each combustion chamber and a_i is the scaling factor of the ith chamber▷ ϕ^c_i is the angular coordinate of the ith combustion chamber and ϕ^t_j is the angular coordinate of the jth thermocou ple▷ T_e is the mean temperature at the entrance of the turbine T 2is the temperature at the output of the com pressor and C is a normalization constant▷ T_s denotes the mean temperature at the exhaust of the expansion turbine so T s/Te is the drop in temperature during the expansion▷ Besides this drop in temperature the gas rotates around the axis of the turbine during its expan sion▷ We call this rotation angle phase shift and denote it by d▷ Using prior knowledge we can compute the phase shift in an approximate way and this computa tion is expressed by a known function D(T_e, T_s, N ) where N is the rotation speed of the turbine▷ In view of the approximate feature of D(T_e, T_s, N ), we use an additional parameter d0to compensate for its error and a corrective term for the dissymetry d6sin(ϕ^t_j − ϕ^s). The term b cos(ϕ^t_j − ϕ^s) takes into account the geometric dissymmetry of the expansion turbine where ϕ^s depends on the direction of the exhauster and b gives a measurement of this dissymmetry▷ Finally w_j φs are noises introduced due to modeling and measurement errors▷

To summarize the parameter vector of the model is written as. θ = (a0, . . . , a9, b, d0, d6)^T and the available observations are. X_k = (T_e(k), T2(k), T_s(k), N (k), y0(k), . . . , y17(k))^T where T s is a simple average of the 18 thermocouples▷ Since ↼1↽ is a static system and we assume the noise to be white the sample X is an i▷i▷d▷ sequence▷ We monitor changes in the process using records of X which we denote by {X_k}↙

A\ ⟩⌈⌉\⊔⟩⊘⌋⊣⊔⟩≀\ √∇≀⌋⌉⌈⊓∇⌉ ⟩∫ √∇≀√≀∫⌉⌈ ⟩\ ∪⊎̸ ⊔≀ ⟩⌈⌉\↖ ⊔⟩{† θ using a record {X_k}↙ I⊔ ⌋≀\∫⟩∫⊔∫ ⟩\ ⇕⟩\⟩⇕⟩‡⟩\} ⊔⟨⌉ ⌋≀∫⊔ {⊓\⌋⊔⟩≀\¬ C(θ) = E{c(θ, X_k)} (2) where : c(θ, X_k) = 1 2 17∑ j=0 (F_j(θ, k) − y_j (k))2 (3)

and F_j(θ, k) is the value of the measurement predicted by the model (1). A stochastic gradient algorithm of Robbins-Monro type would be of the form: θ_k = θ_{k−∞}+ γ_kH(θ_{k−∞}, X_k) (4) with : H(θ, X_k) = − ∂c(θ, X_k ) ∂θ (5) but practically cannot be stable and convergent, because of the nonlinearity of the model, and the presence of noise at both the output and the input of the considered system. Thus we proposed in [6] an offline stable identiffcation procedure which separates d0 and d6from the other parameters▷ But this estimation is known to be biased because of the noisy input ♭5♯▷ This is not a major drawback for monitoring since as we previously discussed the local approach for change detection can be implemented using biased nominal models▷

3 Fault detection

In this section we describe how to detect small faults and not changes in the functioning mode▷ In ♭3 7♯ we have shown that the problem of detecting changes in a wide class of nonlinear processes ↼namely the class of semiMarkov processes↽ can be reduced to the much simpler problem of detecting a change in the mean of an independent Gaussian random sequence▷ Moreover in ♭7♯ we have extended this method to the case where it is not possible to get an unbiased estimate of the model parameter▷ We now recall the main result and describe the two detection procedures offline and on line respectively for slow and fast changes together with a modiαcation which enables to detect small faults while keeping robust with respect to changes in the functioning mode▷

3▷1 Main result Assume that the model parameter θ can be reached by identiαcation for example with a recursive algorithm of the form ↼4↽▷ At the corresponding equilibrium point the mean vector . h(θ) = lim_{n→}+_∞ E_θH(θ, X_n) is zero.

As we explain in [3], for detecting and analyzing changes in the true system , we suggest to monitor the deviations, with respect to zero, of the mean value of H(θ, X_n). The idea is to detect a change in the parameter θ when this function of observations is sig niαcantly different from zero▷ It turns out that there exists a mathematical result which makes this state ment have a precise sense▷ We recall it now▷ The two types of change detection problems which we consider are as follows▷ For the αrst one we have a sample of measurements for which we wish to check if it corresponds to the signature, this problem is often called model validation▷ In the second one we wish to test for the presence of the change inside the sample, this problem is called online change detection▷ These two problems can be stated as hypotheses testing prob lems for nsize samples in the following manner▷ For model validation we consider the hypotheses . H′ ¬ θ = θ0 H∞ ¬ θ = θ0 + Γ √ n ↼6↽ For online detection we use the hypotheses . H′ ¬ θ = θ0 H^′_∞ ¬ ∃τ ∈ [0, 1] such that (7) θ = θ0 for k < τ n θ = θ0 + Γ √ n for τ n ≤ k ≤ n In both cases Γ ≠ 0 is an unknown change vector. For m ≤ n we introduce the following quantity . D_{n,m}(θ0, Γ) = 1 √ n m∑ k=1 ( H(θ0, X_k) − h0 )

[~√~ h0 = E_{θ0}H ↼θ0, X_k↽ ↼8↽ Note that in principle h 0 should be zero▷ But it helps in compensating for slight misαts of θ0 due to imper fect learning, see the above discussion about biased identiαcation▷ We deαne D_{n,t} as the linear piecewise interpolation of D n,m at the points t = mn ▷ Under the hypothesis H ′∞⊒⟩⊔⟨ τ ∈ [0, 1], the behavior of D n,t when n goes to inαnity is governed by the following theorem ♭3 4♯ .

Theorem 1 Under H^′_∞⇔ ⊔⟨⌉ √∇≀⌋⌉∫∫ ⇐D_{n,t}↽ converges weakly towards the diffusion process ↼D t↽ which is so lution of the differential equation . dD_t = −∞_{{t ≥ τ}} · h^′_{θ0} · − · dt + R 12 (θ0) dW_t

where ↼W t↽ is the standard Brownian motion and . R(θ0) = +∞∑ i=−∞ cov_{θ0} [ H(θ0, X_i), H(θ0, X0) ]

h^′_{θ0} = ∂h(θ) ∂θ | | | |_θ=_{θ0}^{↼9↽}

The behaviors of D n,t under the other hypotheses can be obtained as particular cases of this general theo rem . H ′ ⌊† ↕⌉⊔⊔⟩\} − = 0, and H∞ ⊒⟩⊔⟨ τ = 0. In other words, this theorem replaces the complex initial problem of detecting a non additive change in a nonlinear process into the much simpler problem of detecting a change in the mean of an independent Gaussian sequence with known and constant covariance matrix. The connection between this local non-likelihood approach and the classical local likelihood approach is discussed in [1].

3.2 Computing the tests The two quantities R(θ0) and h^′_{θ0} of the previous the orem are estimated on a reference sample (X 0k) corre- sponding to a safe state of the process, with the aid of the following formulas : R(θ0) ≈ +∞∑ i=−∞ ∞ n n∑ k=1 ( H(θ0, X0_k+_i) − ^h0 ) ( H(θ0, X0_k) − ^h0 )_T ↼10↽

where ^h0 ≈ ∞ n n∑ k=1 H(θ0, X0_k) (11)

h^′_{θ0} ≈ ∞ n n∑ k=1 ∂H ( θ, X0_k ) ∂θ | | | | |_θ=_{θ0}^{↼12↽}

The statistics which is used in all our tests is .

Dn D= 1 √ n n∑ k=1 ( H(θ0, X_k) − ^h0 ) (13)

where (X_k) is the new sample of observations. We apply the above non-likelihood method with the aid of the vector ffeld deffned by (5) and (3), where F is the output predicted by the model ↼1↽▷ Note that because the measurements (X_n) correspond to an independent sequence, this leads to a simpliffcation of the formula (10), because the only non zero term corresponds to i = 0.

3.2.1 Model validation

We consider the hypotheses (6). In this case, it results from the above theorem that : H′ ¬ D_n ∼ N ⇐′∅ R ↼θ0↽↽ ↼14↽

H∞ ¬ D_n ∼ N ( −h^′_{θ0} · −∅ R ↼θ0↽ ) {} ⋂[~ ⌉∐]⌉]∐]}{ }~ [~ ⌈}~\⌈]⌋~⌈][}}^ √∐]} ⌈~∐^√ } [~ ~√ χ2_n = D^T_n R^{−∞}(θ0) D_n (16) where D_n is deαned in ↼13↽▷ H ∞ ⟩∫ ⌈⌉⌋⟩⌈⌉⌈ ⊒⟨⌉\ ⊔⟨⌉ ∐⊓⊣\⊔⟩⊔† χ2_n is greater than a threshold▷

3▷2▷2 Online detection

We now consider the hypotheses ↼7↽ and we denote by r the discrete change time▷ In this case it results from the previous theorem that we can work as if the increments of the cumulative sum D were independent with distribution . H′ ¬ H(θ0, X_k) − h0 ∼ N ⇐′ ∅ R ↼θ0↽↽ H∞ ¬ H(θ0, X_k) − h0 ∼ N ( −h^′_{θ0} · − ∅ R ↼θ0↽ ) ⨂}~ [∐ ~ ^}⌈^ [∐~ √~^ []√ ~}√⌉⌈∐]}{ ~}√ [~ ⌉}^~⌈ ∐⌈]^∐]}{ √√}^⌈~⌉/ ^ ] }⌈^ [∐~ ⌈~^ } ~∐^⌈ [~ √∐⌉~ ~√ ∐√ ]{ {}/ ∮{ [~ √√~√~{ }{\⌈]{~ √]∐]}{/ [~ ^}√√~√√}{^]{~ ~√ ]√ ^∐√~^ √}{ [~ √}√√]{~ √⌈~ t_a = min{n ≥ ∞, g_n ≥ λ} g_n = max 1≤j≤n (χ^n_j )2

where :

(χ^n_j )2 = (D^n_j )^T R^{−∞}(θ0) D^n_j (17)

and :

D^n_j = 1 √ n − j + 1 n∑ k=j ( H(θ0, X_k) − ^h0 )

∮{ }√^~√ } √~^^~ [~ ^}√ }~ [~ √~∐√^[ ~}√ [~ ⌉∐\ ]⌉⌉ ]{ j of (χ^n_j )2, we constrain this search inside a window M ⊒⟩⊔⟨ ⊘§⌉⌈ ↕⌉\}⊔⟨ L = n1− n0+ 1 : M = {(n − n1), . . . , (n − n0)} ⇐∞∀⇒ g_n = max_{j∈M}(χ^n_j )2 (19)

r = arg max_{j∈M}(χ^{ta}_j )2 (20)

3.3 Reffnement

Preliminary experiments with the aid of real data have shown that, even under H′⇔ ⊔⟨⌉ ⊑⊣↕⊓⌉∫ ≀{ χ2_n ↼16↽ are large which can be explained by the nonstationarity induced by the changes in the functioning mode of the turbine itself▷

In order to increase the robustness of the detection al gorithm with respect to this practically important non stationarity we modify the algorithm in such a way to allow the measurements to deviate a little bit from the nominal model▷ For simplicity we now discuss only model validation problems▷ Actually the detection of the changes in the mean of D n remember ↼14↽↼15↽ can then be achieved through the following way ♭1♯▷ It consists in distinguishing between two new hypothe ses . H′ ¬ ( h^′_{θ0} · ~θ )_T R^{−∞}(θ0) ( h^′_{θ0} · ~θ ) ≤ r20 H∞ ¬ ( h^′_{θ0} · ~θ )_T R^{−∞}(θ0) ( h^′_{θ0} · ~θ ) ≥ r21 where r20 and r21 are two thresholds to be chosen▷ The introduction of r20 allows the robustness with respect to nonstationarities▷ The maximization of the log likelihood ratio between these two hypotheses leads to ♭1♯ . 1 n S_n = −(χ̈_n − r1)2 for χ̈_n ≤ r0 −(χ̈_n − r1)2+ (χ̈_n − r0)2 for r0 ≤ ♠χ_n ≤ r1 +(χ̈_n − r0)2 for χ̈_n ≥ r1

(21)

where : χ̈_n = 1 √ n χ_n and where χ n is given in ↼16↽▷ We decide H ∞⊒⟨⌉\ Sn is greater than a threshold▷

Similarly an online decision procedure can be built in the same way ♭1♯ using the decision rules given in the subsection 3▷2▷2 and replacing (χ nj )2 by Snj ▷ The behavior of this online decision function on some real data is shown in the αgures 1 and 2 corresponding respectively to no change and to a decrease of 20 K in the αrst thermocouple▷

4 Diagnosis

After an alarm it is desirable to decide which part of the machine has failed namely how many components and which ones▷ In ♭3 2♯ we describe a sensitiv ity technique for solving this diagnosis problem in the general case where the physical model in terms of which the diagnosis is desired is of much greater di mension than the parameter θ used as a signature▷ Here the situation is different in the sense that the parameter θ already contains physical information and thus the diagnosis in terms of the components of θ themselves is of interest▷ Here we propose to use the minmax robust approach ♭1♯ for solving this diagnosis problem▷ The idea is for each component ↼or subset of components↽ of θ of interest to build a test which monitors changes in this component while being insensitive to the other components which are considered as nuisance param eters▷ It turns out that assuming that the number of failed components is known the minmax and sensitiv ity approaches are connected to each other as we show now▷ Then we describe an algorithm for estimating the number of failed components▷

4▷1 Minmax and sensitivity approaches Let Y be a Gaussian random variable N (μ, S), for which we test between the hypotheses H′ ¬ μ = 0

and H∞ ¬ μ = M η = [M_θ, M_ψ] [ ∏ ∏ ] , where M is a full column rank matrix and S is nonsingular▷ The minmax approach for testing a change in Q while ignoring changes in Y consists in building the test which is optimal for the worst nuisance parameter Y which minimizes the power of the test▷ Straightforward but long computations ♭1♯ show that the optimal test is quadratic . t^∗_′ = Y^{∗T} J^∗ �1 Y^∗ T⟨⌉ ∐⊓⊣\⊔⟩⊔⟩⌉∫ Y ∗ ⊣\⌈ J ∗ ⊣∇⌉ ⌈⌉⊘\⌉⌈ ⌊⌉↕≀⊒↙

W⟨⌉\ ↕≀≀‖⟩\} {≀∇ ⊔⟨⌉ ⊣ √∇⟩≀∇⟩ ⊓\‖\≀⊒\ ⌋≀⇕√≀\⌉\⊔∫ ⊒⟨⟩⌋⟨ ⊣⌋⊔⊓⊣↕↕† ⌋⟨⊣\}⌉⌈⇔ ⟩⊔ ⟩∫ ⊓∫⌉{⊓↕ ⊔≀ ∇⌉↖{≀∇⇕⊓↕⊣⊔⌉ ⊔⟨⌉ √∇⌉⊑⟩≀⊓∫ ∇⌉∫⊓↕⊔ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊣ √⌉∇⇕⊓⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⌋≀⇕√≀\⌉\⊔∫ ≀{ θ so as to assume that the monitored components are the αrst ones▷ Let σ be a permutation matrix we deαne η_σ = σ η by η_σ(i) = η(σ(i)) for all i▷ The minmax test is then . t^∗_σ = Y^{∗T}_σ J^∗

�1_σ Y^{∗T}_σ Y^{∗T}_σ = [I, − J_{θσ ψσ} J^{−∞}_{ψσ ψσ} ] σ M^T S^{−∞}Y J^∗_σ = J_{θσ θσ} − J_{θσ ψσ} J^{−∞}_{ψσ ψσ} J_{ψσ θσ} where . M^T_σ S^{−∞}M_σ = [ J_{θσ θσ} J_{θσ ψσ} J_{ψσ θσ} J_{ψσ ψσ} ]

⨆}√ [~ ~∐√ √^]{~/ ~ [∐~ ⋃ = R(θ0), M = h^′_{θ0}, Y = D_n▷ The sensitivity approach consists in considering that the nuisance is zero in the alternative hypothesis H ′∞ ¬ μ = M η = [M_θ, M_ψ] [ ∏ ] , and using the GLR test▷ The drawback of this approach is that it does not decouple the different faults whereas the ↼decoupling↽ minmax one is known to have a lower detectability▷ However we have shown experimentally that when the number of faults is known the diagnosis can be achieved through the rule . ψσ_i = arg min_{σ∈Gi} t_σ where t σ is the sensitivity test and G i the subset of permutations which put i components in αrst position▷ The components of the mean vector where the changes occurred are then given by the i last values of y where y = σ_ix x = [1, 2, ..., ℓ]^T and ℓ is the dimension of the parameter vector θ▷

4▷2 Estimating the number of faults When the number of failed components is unknown the problem is that even if only i chambers failed there can exist a higher sensitivity test monitoring (i + 1) components. But, it turns out that the minmax and sensitivity approaches are related through a Pythagorean relation : the global test is the sum of any sensitivity test and the minmax test monitoring the complement set of components. We thus propose to estimate the number of faults in the following manner : 1. Let i be the number of assumed failed compo nents, begin with i = 1; 2. For each set of i components compute the sen sitivity test, select the set with the greatest one, 3▷ For this set compute the minmax test monitoring its complement▷ If this test is greater than a threshold set i = i + 1, and go to 2. If not, stop; and the failed components are those of the last selected set.

In practice, we also use robustness parameters for computing the minmax test, namely we use the formula (21) in which : ~χ_n = 1 √ n (t0− t ψ_{σi} ) 12 and tψ_{σi} is the highest sensitivity test monitoring i com ponents▷

5 Experimental results

The proposed algorithms have been run on a signiαcant amount of real data measured on two different types of turbines ↼different numbers of chambers and ther mocouples and different shape of the output diffuser↽▷ It is important to note that the identiαcation detection and diagnosis algorithms have been designed in such a way that the tuning of their parameters is either not necessary δ they are all pretuned δ or achieved in an automatic manner by Ψlearningε on the available data▷ More precisely for the detection the key Ψrobustnessε values r0, r1 in ↼21↽ are learned by reprocessing the real data used for the identiαcation in such a way to es timate the size r0of the conαdence ellipso�d around the signature θ0 and the minimum magnitude of change r1 to be detected▷ We now show some typical results of the diagnosis algorithm▷ As we have never registered any data with actual fault of the gas turbine system we simulated faults by modifying the signature θ0 and running the tests on the ↼assumed↽ safe data▷ Here we show only results of the offline diagnosis▷ We took 176 samples of 2000 real measurement points X_k▷ For each sam ple we simulated a change of 20K of temperature in each of the 10 combustion chambers so we did in total 176 × ∞′ ∫⟩⇕⊓↕⊣⊔⟩≀\∫↙ T⟨⌉ ⌈⟩⊣}\≀∫⟩∫ ⊒⊣∫ √⌉∇{≀∇⇕⌉⌈ ≀\ ⌉⊣⌋⟨ ≀{ ⊔⟨⌉∫⌉ ∫⊣⇕√↕⌉∫ ≀{ ∈′′′ ⇕⌉⊣∫⊓∇⌉⇕⌉\⊔ √≀⟩\⊔∫

⊒⟩⊔⟨ ∫⟩⇕⊓↕⊣⊔⌉⌈ {⊣⊓↕⊔∫↙ T⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕ ∫⊓⌋⌋⌉∫∫{⊓↕↕† ⌈⌉↖ ⊔⌉∇⇕⟩\⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉ \⊓⇕⌊⌉∇ ≀{ {⊣⊓↕⊔∫ ⊒⊣∫ ∞ ⟩\ ⊣↕↕ ⊔⟨⌉∫⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫↙ T⟨⌉ ∇⊣⊔⌉∫ ≀{ ∫⊓⌋⌋⌉∫∫ ⟩\ ⊔⟨⌉ ⟩∫≀↕⊣⊔⟩≀\ ≀{ ⊔⟨⌉ {⊣⊓↕⊔∫ ⊣∇⌉ ∫⟨≀⊒\ ⟩\ ⊔⊣⌊↕⌉ ∞↙ F≀∇ ∫≀⇕⌉ ⌋⟨⊣⇕⌊⌉∇∫ ⊔⟨⌉ ∇⟩}⟨⊔ ⟩∫≀↕⊣⊔⟩≀\ ⊒⊣∫ ∞′′↗↙ T⟨⌉ ↕≀⊒⌉∫⊔ ∇⊣⊔⌉ ∃↙↗ ⊒⊣∫ ≀⌊⊔⊣⟩\⌉⌈ {≀∇ ⊔⟨⌉ ∃⊔⟨ ⌋⟨⊣⇕⌊⌉∇↙

̸C≀\⌋↕⊓∫⟩≀\

W⌉ ∇⌉√≀∇⊔⌉⌈ ≀⊓∇ ∇⌉∫⊓↕⊔∫ ≀\ ⊔⟨⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈∫ ≀\ ⌋⟨⊣\}⌉ ⌈⌉⊔⌉⌋⊔⟩≀\ ⊔≀ ⊔⟨⌉ ⇕≀\⟩⊔≀∇⟩\} ⊣\⌈ ⌈⟩↖ ⊣}\≀∫⟩∫ ≀{ }⊣∫ ⊔⊓∇⌊⟩\⌉ ∫†∫⊔⌉⇕∫↙ A ↕⊣∇}⌉ ⊣⇕≀⊓\⊔ ≀{ ∇⌉⊣↕ ⌈⊣⊔⊣ ⊒⌉∇⌉ √∇≀⌋⌉∫∫⌉⌈⇔ ⊣\⌈ ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ⊣∇⌉ ⌉\⌋≀⊓∇⊣}⟩\}↙

REFERENCES ∪∞⊎ M↙BASSEVILLE⇔ I↙V↙NIKIFOROV ⇐∞∃∃∋⇒↙ D⌉⊔⌉⌋↖ ⊔⟩≀\ ≀{ A⌊∇⊓√⊔ C⟨⊣\}⌉∫ ↖ T⟨⌉≀∇† ⊣\⌈ A√√↕⟩⌋⊣↖ ⊔⟩≀\∫↙ P∇⌉\⊔⟩⌋⌉ H⊣↕↕ S⌉∇⟩⌉∫ ⟩\ I\{≀∇⇕⊣⊔⟩≀\ ⊣\⌈ S†∫⊔⌉⇕ S⌋⟩⌉\⌋⌉∫↙ E\}↕⌉⊒≀≀⌈ C↕⟩{{∫⇔ NJ↙ ∪∈⊎ M↙BASSEVILLE⇔ A↙BENVENISTE⇔ B↙GACH↖ DEVAUCHELLE⇔ M↙GOURSAT⇔ P↙DOREY⇔ D↙BONNECASE⇔ M↙PREVOSTO⇔ M↙OLAGNON ⇐∞∃∃∋⇒↙ D⊣⇕⊣}⌉ ⇕≀\⟩⊔≀∇⟩\} ⟩\ ⊑⟩⌊∇⊣⊔⟩≀\ ⇕⌉⌋⟨⊣\↖ ⟩⌋∫¬ ⟩∫∫⊓⌉∫ ⟩\ ⌈⟩⊣}\≀∫⊔⟩⌋∫ ⊣\⌈ √∇⌉⌈⟩⌋⊔⟩⊑⌉ ⇕⊣⟩\⊔⌉↖ \⊣\⌋⌉↙ M⌉⌋⟨⊣\⟩⌋⊣↕ S†∫⊔⌉⇕∫ ⊣\⌈ S⟩}\⊣↕ P∇≀⌋⌉∫∫↖ ⟩\}⇔ ⊑≀↕↙⇔ \≀ ▽⇔ √√↙△′∞↖△∈∋↙ ∪∋⊎ A↙BENVENISTE⇔ M↙BASSEVILLE⇔ G↙MOUSTAKIDES ⇐∞∃∀⇒↙ T⟨⌉ ⊣∫†⇕√⊔≀⊔⟩⌋ ↕≀⌋⊣↕ ⊣√√∇≀⊣⌋⟨ ⊔≀ ⌋⟨⊣\}⌉ ⌈⌉⊔⌉⌋⊔⟩≀\ ⊣\⌈ ⇕≀⌈⌉↕ ⊑⊣↕⟩⌈⊣⊔⟩≀\↙ IEEE T∇⊣\∫↙ ≀\ A⊓⊔≀⇕⊣⊔⟩⌋ C≀\⊔∇≀↕⇔ ⊑≀↕↙AC↖∋∈⇔ \≀ ⇔ √√↙▽∀∋↖▽∃∈↙ ∪△⊎ A↙BENVENISTE⇔ M↙ME≻TIVIER⇔ P↙PRIOURET ⇐∞∃∃′⇒↙ A⌈⊣√⊔⟩⊑⌉ A↕}≀∇⟩⊔⟨⇕∫ ⊣\⌈ S⊔≀⌋⟨⊣∫⊔⟩⌋ A√√∇≀§⟩⇕⊣⊔⟩≀\∫↙ A√√↕⟩⌋⊣⊔⟩≀\∫ ≀{ M⊣⊔⟨⌉⇕⊣⊔⟩⌋∫⇔ V≀↕↙∈∈⇔ S√∇⟩\}⌉∇ V⌉∇↕⊣}↙ ∪▽⊎ T↙SO�DERSTRO�M ⇐∞∃∀∞⇒↙ I⌈⌉\⊔⟩⊘⌋⊣⊔⟩≀\ ≀{ ∫⊔≀⌋⟨⊣∫↖ ⊔⟩⌋ ↕⟩\⌉⊣∇ ∫†∫⊔⌉⇕∫ ⟩\ √∇⌉∫⌉\⌋⌉ ≀{ ⟩\√⊓⊔ \≀⟩∫⌉↙ A⊓↖ ⊔≀⇕⊣⊔⟩⌋⊣⇔ ⊑≀↕↙∞⇔ √√↙∞∋↖∈▽↙ ∪⊎̸ Q↙ZHANG ⇐∞∃∃∞⇒↙ C≀\⊔∇⟩⌊⊓⊔⟩≀\ ⊣≺ ↕⊣ ∫⊓∇⊑⌉⟩↕↕⊣\⌋⌉ ⌈⌉ √∇≀⌋⌉≻⌈⌉≻∫ ⟩\⌈⊓∫⊔∇⟩⌉↕∫↙ T⟨⌉∫⟩∫⇔ U\⟩⊑↙ R⌉\\⌉∫ I⇔ D⌉⌋↙ ∞∃∃∞⇔ ⇐⟩\ F∇⌉\⌋⟨⇒↙ ∪⊎ Q↙ZHANG⇔ M↙BASSEVILLE⇔ A↙BENVENISTE ⇐∞∃∃△⇒↙ E⊣∇↕† ⊒⊣∇\⟩\} ≀{ ∫↕⟩}⟨⊔ ⌋⟨⊣\}⌉∫ ⟩\ ∫†∫↖ ⊔⌉⇕∫ ⊣\⌈ √↕⊣\⊔∫ ⊒⟩⊔⟨ ⊣√√↕⟩⌋⊣⊔⟩≀\ ⊔≀ ⌋≀\⌈⟩⊔⟩≀\ ⌊⊣∫⌉⌈ ⇕⊣⟩\⊔⌉\⊣\⌋⌉↙ A⊓⊔≀⇕⊣⊔⟩⌋⊣⇔ S√⌉⌋⟩⊣↕ I∫∫⊓⌉ C≀⇕⌊↙ ⌋⟨⊣⇕⌊⌉∇ \⊓⇕⌊⌉∇ ∞ ∈ ∋ △ ▽ ̸∀ ∃ ∞′ N⌊↙ ≀{ ⇕⟩∫↖⟩∫≀↕⊣⊔⟩≀\∫ ′ ′ ∞ ′ ′ ′ ∞ ∈ △ ∞ R⊣⊔⌉ ≀{ ∫⊓⌋⌋⌉∫∫ ⇐↗⇒ ∞′′ ∞′′ ∃∃↙△ ∞′′ ∞′′ ∞′′ ∃∃↙△ ∃∀↙∃ ∃↙ ∃∃↙△ T⊣⌊ ∞¬ R⊣⊔⌉ ≀{ ∫⊓⌋⌋⌉∫∫{⊓↕ {⊣⊓↕⊔ ⟩∫≀↕⊣⊔⟩≀\∫

⊔⌉∫⊔ ⇕⊣§j∈M Snj λ

Fig 1. Behavior of the test when NO failure occurs Note the robustness with respect to the nonstationar ity due to the changes in the functioning mode . the test statistics remains negative and does not cross the positive threshold▷

test maxj∈M Snj

λ ψν t_a

Fig 2. Detection of an abnormal decrease of 20 K in the αrst thermocouple at time 2050 Note that the magnitude of the change is small with respect to the nonstationarities▷

on Statistical Methods in Signal Processing and Control vol▷30 no 1▷