Diagnosis of Tank Ballast Systems

Björn Schieffer and Günter Hotz

Fachbereich 14 – Informatik, Universität des Saarlandes Postfach 15 11 50, 66041 Saarbrücken, FRG

URL: http://www-hotz.cs.uni-sb.de/schieffer/ email: schieffer@cs.uni-sb.de

Abstract

The paper deals with the diagnosis problem of hybrid systems. A new two-level approach for that problem is introduced and discussed with the domain example of tank ballast systems. The first level determines the possible defects while the second one calculates their real valued degree. The new approach is shown to be very powerful by 3000 randomly generated single and double faults. In fact, for all of these defects the approach is able to compute the correct diagnoses.

1 Introduction

The control unit of a hybrid system and its environment consisting of mechanical and hydrodynamical components influence each other in a closed loop via sensors and actuators. Such a situation may be found in modern car management units, air planes or manufacturing plants.

Fig. 1. Scheme of a hybrid system

According to figure 1, the behavior of a hybrid system depends on an input x ∈ X of the input space X and a fault parameter λ ∈ C of the configuration space C. The output y = (y_1, y_2, . . . , y_r) ∈ Y of the output space Y is measured by the r sensors of the system.

The problem to determine the output y = sim(x, λ) with known input x and fault parameter λ is called simulation. Reality performs some kind of simulation, it solves the underlying differential equations when the system is running. If one is able to control the arising numerical difficultys, he can imitate this natural simulation. Much harder is the problem of diagnosis which is an inverse problem to simulation. To compute the diagnoses one has to determine the possible fault parameters λ when the input x and the output y are known. If sim is not injective, a diagnosis does not have to be unique and more than one fault parameters may explain the behavior of the system. Therefore, a complete diagnosis is given by diag : X × Y → P(C) Much interest has been spent on inverse problems in the linear case [CW84, Ise84, Mas86, EM94]. But the closed loop of the control unit with its environment leads to a non-linear behavior in the case of hybrid systems. Because there exist only domain specific solutions in the case of non-linear inverse problems, we restrict to the diagnosis of tank ballast systems as introduced in [DBMB93].

In [Dav84] it is shown how to obtain a diagnosis of single faults in the case of a discrete configuration space C as for integrated circuits. A generalization to multiple faults is given in [Rei87], improved in [dKMR92] and put into practice in [MNTMQ96]. In [dKW87] and [FS92] strategies to select the sensor positions are introduced. The need of a quantitative system model is shown in [DK89].

The diagnosis of tank ballast systems leads to a continuous configuration space C. This is caused by the fact, that one is not only interested in determining which defects are present, but also wants to know the degree of these defects in order to decide whether the current operation has to be stopped or not. A defect of a system may occur suddenly or in a smooth way. The determination of the degree of a fault is also necessary to detect smooth defects early.

In this paper, we present a two level approach for the diagnosis problem. At the first level the defects that may cause the measured behavior are determined. In the second level the degrees of these defects are calculated.

Not only single values as a snapshot of the system are considered to perform diagnosis, but functions over a space of time that describe the behavior. Therefore, all available information is used.

The methods are based on two properties of the domain. As the first property, different degrees of the same defect result in the same effects. This is used to combine system configurations of different degrees of the same defect into one fault candidate. The second property is the monotony of the system behavior – with increasing degree of a fault its effect increases too. This property is used to determine the degree with a binary search. In the domain of tank ballast systems these two propertys are not always but generally fulfilled. We will discuss how to treat violations. This may exponentially increase the runtime of the methods. We will show how to slow down the exponential growth with the help of penalty functions.

In section 2, the domain of tank ballast systems is introduced and a clear example is extracted. In section 3, the approach is sketched with some idealizations.

In section 4, we discuss the problems if these idealizations do not hold. In the last section, we give some experimental results to demonstrate the applicability of the methods.

Fig. 2. The Brent Spar

2 Domain

Tank ballast systems are used in huge ships or swimming platforms as the brent spar shown in figure 2 or the micopery 7000 which can crane up loads of a weight up to 14 000 tons. To keep the balance it contains 57 ballast tanks that can be filled by sea water with the aid of two strong pumps. It is also possible to change the center of gravity by pumping water from some ballast tanks to others. These operations are directed by an electronical control station. Defects in the ballast tank system may lead to heavy trouble including the sinking of the platform. Therefore, automatic diagnosis tools are needed to assist the control officer.

Tank ballast systems consists of very different components such as tanks, pipes, valves, filters, pumps, vent pipes or float switches. Some typical defects result in a plugging of pipes or filters. Others cause leaks in the pipes, leaking valves or some air in a pump. We want to determine not only which of these defects may be present in the system but the degree of the defect as it may be necessary to know when the control officer has to decide if the current operation has to be stopped or may be continued.

We extract a clear example of that domain. According to figure 3, it contains

Fig. 3. Running Example

three tanks that are connected via some pipes and valves. The pressure inside of two of the tanks is measured by two pressure sensors.

An input x ∈ X consists of the initial water height in the tanks and the positions of the three valves. Therefore, X := IR^3 × {open, closed}^3.

Let the possible defects of the system be arbitrary shifts of the valve positions. Therefore, the number n of possible defects is n = 3 and C := [0, 1]×[0, 1]×[0, 1]. The configuration (0, 0, 0) ∈ C corresponds to the nominal value when there is no fault in the system.

We observe the two sensors P_1 and P_2 over the interval [t_{start}, t_{end}] of time. Therefore, the sensors result in y_1, y_2 ∈ M := { f : [t_{start}, t_{end}] → IR } and the output space is Y := M^2.

We assume to have a simulator sim : X × C → Y that computes the progress of the pressure corresponding to an input x and a fault parameter λ. We denote (y^{x,λ}_1 , y^{x,λ}_2 ) := sim(x, λ), where y^{x,λ}_1 , y^{x,λ}_2 : [t_{start}, t_{end}] → IR. Our task is to determine which valve positions are shifted and to compute the degree of these shifts. We assume that the input x ∈ X and a measurement ŷ = (ŷ_1, ŷ_2) ∈ Y of the sensors are known. That means, we try to decide whether λ_i ≠ 0 and we try to compute the value of λ_i for i ∈ {1, 2, 3} and a λ = (λ_1, λ_2, λ_3) ∈ C with

(y^{x,(λ1 ,λ2,λ3)} 1 , y^{x,(λ1,λ2,λ3)} 2 ) = (ŷ_1, ŷ_2) (1)

We restrict to one single input x corresponding to figure 3 and therefore define x := (1, 1, 0.4, open, open, open). Let the product of the liquid density and the gravitational constant be 10000 Pa per meter. Then, in the fault free case the pressure of both sensors goes down from 10000 Pa to 8000 Pa. That is the pressure in the situation that all three tanks have the same water height. According to figure 4, the measured behavior ŷ := (ŷ_1, ŷ_2) differs from the nominal value ( y^{x,(0,0,0)} 1 , y^{x,(0,0,0)} 2 ) . We are looking for a diagnosis to explain this difference.

Fig. 4. Nominal value ( yx;^{(0};^0;^{0)}

1 , yx;^{(0};^0;^{0)} 2 ) and measured behavior ŷ = (ŷ1, ŷ2)

3 Idealized Diagnosis

In this section, we present an approach for the diagnosis problem assuming some idealizations. In the next section, we will discuss how to use it to compute a real diagnosis.

A fault candidate fc ∈ Cand := P ( {1, 2, . . ., n} ) is a selection out of the n possible defects. As a simplification one may be interested only in single or double faults. The set of fault candidates is then reduced to Cand_1 := {1, 2, . . ., n} or Cand_2 := { {a, b} | | 1 ≤ a < b ≤ n}. Our interest lies in the set of fault candidates that may explain the measurements as well as in the real valued degree of the defects of these fault candidates. This suggests a two level approach. At the first level, we try to eliminate as many fault candidates as possible with qualitative arguments. In the second level we either determine the degrees of the remaining faults or further eliminate them with quantitative methods.

3.1 First Level

At the first level, we use qualitative attributes over the behavior of the system, that

{ are hopefully invariable against the degree of the faults, { but vary for different fault candidates.

Such attributes may be the sign, the monotony or the curvature of a measurement m ∈ M or the comparison of the size of two measurements m_1, m_2 ∈ M . The size ‖m‖ of a measurement m ∈ M is defined by ‖m‖ := ∫_{tend} t_{start} |m| dt (2) This implies a partial ordering of M by m_1 < m_2 : ⇐⇒ ‖m_1‖ < ‖m_2‖.

A spot denotes a sequence of such attributes and a profile denotes the evaluation of a spot. Now, we are able to describe the qualitative fault reduction:

1. Choose a spot sp.

2. Determine the profile of each fault candidate with respect to sp. 3. Determine the profile p̂ of the measurement ŷ. 4. Eliminate all fault candidates with a profile unequal to p̂.

To give an example, we consider the system introduced in the last section. To keep it simple, we restrict to the fault candidates {fc_1, fc_2, fc_3} of the three single faults.

1. Let Comp(m_1, m_2) denote the comparison of the size of the measurements m_1 and m_2. Then, we choose the spot sp by sp := ( Comp(ŷ_1, y^{x,(0,0,0)} 1 ); Comp(ŷ_2, y^{x,(0,0,0)}_2 )

2.fc_1: If valve v_1 is shifted, there is a bigger resistance for the water. Therefore, the flow out of the first tank is lower and the measurement of P_1 is greater than expected. As a further consequence the flow out of the second tank is higher and the measurement of P_2 is smaller than expected. To conclude, we get the profile p_1 := (greater, smaller). fc_2: If valve v_2 is shifted, we get the profile p_2 := (smaller, greater) because of a symmetry to the fault candidate fc_1.

fc_3: If valve v_3 is shifted, the water of the first and the second tank can not sink as fast as expected. Thus, we get the profile p_3 := (greater, greater).

3. According to figure 4, the measured behavior ŷ implies the profile p̂ := (greater, smaller). 4. Because p̂ ≠ p_2 and p̂ ≠ p_3, the only remaining fault candidate is the first one.

3.2 Second Level

There are two motivations for the need of a second level. In the first place the information known from the first level is not enough and one may need the knowledge of the degree of a fault – for example to determine if the current operation has to be stopped or may be continued. And in the second place the qualitative attributes of the first level could not be able to eliminate all but one fault candidate. In that case we need the second level to further reduce the set of fault candidates.

A fault candidate given by the first level corresponds to a subspace S := [μ_1, μ^0_1] × [μ_2, μ^0_2] × · · · × [μ_n, μ^0_n] ⊂ C of the configuration space C, where 0 ≤ μ_i ≤ μ^0_i ≤ 1 for 1 ≤ i ≤ n. A configuration (ν_1, ν_2, . . . , ν_n) ∈ C with ν_i ∈ {μ_i, μ^0_i} for every 1 ≤ i ≤ n denotes a corner of the search space S. The dimension d := # { i | μ_i ≠ μ^0_i} of a search space S is the number of unfixed parameters.

Now, the task of the second level is to either determine a configuration λ ∈ S for a given search space S that may be responsible for the measurement ŷ or to reject S if no such λ exists.

One-dimensional Search Spaces To continue the example, we try to determine the degree of the shift of valve v_1. That means, we search for λ = (λ_1, 0, 0) ∈ S_1 that fulfills equation (1) where S_1 := [0, 1] × [0, 0] × [0, 0].

Considering figure 5 we notice that the effect of a shifted position of valve v_1 increases with an increasing degree of the fault:

μ_1 ≤ μ^0_1 ⇒ y^{x,(μ1 ,0,0)} 1 ≤ y^{x,(μ} 0_{1 ,0,0)} 1 y^{x,(μ1 ,0,0)} 2 ≥ y^{x,(μ} 0_{1 ,0,0)} 2

Fig. 5. Monotony of the behavior with μ1 < μ^0_1

In the case of an existing λ ∈ S_1 that fulfills (1), we may derive two bounding conditions:

λ_1 ∈ ]μ_1, μ^0_1[ ⇐⇒ y^{x,(μ1 ,0,0)}_1 < ŷ_1 < y^{x,(μ}

0_{1 ,0,0)} 1 (3)

λ_1 ∈ ]μ_1, μ^0_1[ ⇐⇒ y^{x,(μ1 ,0,0)}_2 > ŷ_2 > y^{x,(μ}

0_{1 ,0,0)} 2 (4)

These bounding conditions may help to approximate the value of λ_1 with a binary search. Dividing the initial search space S_1 into the two subspaces S^l_1 := [0,^1_2 ] × [0, 0] × [0, 0] and S^h_1 := [^1_2 , 1] × [0, 0] × [0, 0], we are able to decide with the two bounding conditions whether λ ∈ S^l_1 or λ ∈ S^h_1 . Thus, we may choose the one that contains λ and again divide that search space into two subspaces. If we continue that, we get a IR-analytic computation in the sense of [HVS95] for which the corners of the required subspaces approximate λ_1.

If there is no λ ∈ S_1 with property (1), it is possible that one of the bounding conditions (3) and (4) does not hold for any of the two subspaces or that they hold in different subspaces. In one of theses cases the binary search may be stopped and the corresponding fault candidate may be eliminated. But it is also possible that none of these cases appears and the binary search approximates a value λ^0 with (y^{x,λ}

0_1 , y^{x,λ} 0_2 ) ≠ (ŷ_1, ŷ_2).

To explain this, we consider M and define an equivalence relation ∼ of non comparable elements in M by

m_1 ∼ m_2 : ⇐⇒ ∫_{tend} t_{start} |m_1| dt = ∫_{tend} t_{start} |m_2| dt

This implies a residual class M_/¸ that may take over the ordering < of M in a well defined way.

[m_1] := { m_2 ∈ M | | m_1 ∼ m_2}

M_/¸ := { [m_1] | | m_1 ∈ M } [m_1] < [m_2] : ⇐⇒ m_1 < m_2

The decisions of the binary search described above are all made by comparisons of the size of the behavior at corners of subspaces with the size of ŷ_1 and ŷ_2. Therefore, these decisions are the same for all measurements ( [ŷ_1], [ŷ_2] ) and the binary search approximates a λ^0 ∈ S_1 with (y^{x,λ} 0_1 , y^{x,λ} 0_2 ) ∈ ( [ŷ_1], [ŷ_2] ) This implies the need to check whether the result of the binary search is a diagnosis of the measurement ŷ or not.

Two-dimensional Search Spaces The search space S of a fault candidate corresponding to a double fault is two-dimensional. To determine λ ∈ S we adapt the binary search of the one-dimensional case. Now, the search spaces are divided into four subspaces. For each of these we have to decide whether to continue the search in the subspace or to discard it. Again, these decisions are made by bounding conditions that we conclude from an observed monotonic behavior of the system.

Generalization To avoid restriction to the example we give a general bounding condition for systems with monotonic behavior.

Let y^{x,λ} = (ŷ_1, ŷ_2, . . . , ŷ_r) for x ∈ X and λ ∈ C and let S ⊆ C be a search space of arbitrary dimension d ≤ n with λ ∈ S. Then, for each measurement ŷ_i with 1 ≤ i ≤ r there are two corners ν_{min}, ν_{max} ∈ S of the search space S so that y^{x,νmin} ≤ ŷ_i ≤ y^{x,νmax} .

To see this, one should imagine to reach the corners ν_{min} and ν_{max} starting from λ by successively moving a single parameter λ_i in the direction of one of its two limits μ_i or μ^0_i. In doing so, the behavior is changed monotonical. With the right choice between μ_i and μ^0_i it is always possible to increase or decrease the behavior. If done for all n parameters, the corners ν_{min} and ν_{max} of the search space S are found.

As the bounding condition holds for search spaces of arbitrary dimensions, we may search for arbitrary multiple faults in systems with monotonic behavior.

Concluding, we sketch the analytical algorithm. Its input is a search space S ⊆ C, a measurement ŷ = (ŷ_1, ŷ_2, . . . , ŷ_r) ∈ Y and the system input x ∈ X.

1. Let S be a set of search spaces, initialized with {S}

2. If S = ∅ then discard the search. No solution λ ∈ S can be found. 3. Delete a search space S^0 from S and create the subspaces of S^0. 4. For each of these subspaces check the bounding conditions for the measurement ŷ. Include those subspaces in S that fulfill the bounding conditions.

5. Continue the calculation with the second step.

If the search is not discarded, the corners of the search spaces in S converge to a configuration λ ∈ S. If the behavior y^{x,λ} of the system corresponding to λ is equal to the measurement ŷ, then a diagnosis is found. As the behavior of the system is monotonical, all diagnoses for ŷ build a connected set including λ.

4 Real Diagnosis

In the last section, we simplified the task of diagnosis. What has to be considered if one wants to use the developed ideas for a real diagnosis problem?

1. Sensors do not output the real valued function of behavior of the measured variable in a time interval, but a sequence of single values as points of support of it.

2. { A model of a system is never complete.

{ Due to numerics, the simulation of that model is not an exact but a rough computation.

{ The sensors only have finite precision.

This leads to an unavoidable difference between the calculated and the measured behavior even in the case of a fault free system. Such differences are called noise.

3. In systems bigger than the used example the observed monotony of the behavior may be violated.

These facts lead to some consequences: From 1: Instead of M := { f : [t_{start}, t_{end}] → IR } we define M := IR^s. Now, we need a new definition for the size of a measurement m = (m^1, m^2, . . . , m^s) ∈ IR^s. Therefore, equation (2) is substituted with some p ∈ IN by ‖m‖_p :=^p s ∑ i=1 |m^i|^p (5)

From 2: In the presence of noise we are not able to find a configuration λ with a behavior y^{x,λ} equal to the measurement ŷ but only similar to it. Therefore, equation (1) has to be changed. With a proper definition of the relation ≈ we get y^{x,λ} ≈ ŷ (6) From 2: Noise may change the value of the attributes used in the first level and therefore leads to wrong results.

From 2 and 3: Noise and violations of the monotony of the behavior may violate the bounding conditions used in the second level and therefore lead to wrong decisions in the search so that the solution λ is not found.

Remedy To deal with noisy measurements, we need a measure L ∈ [0, 1] of the precision we use. The extreme value of L = 0 stands for absolute precision without any noise and L = 1 means, that there is no precision at all and the noise dominates.

m_1 ≈_0 m_2 ⇐⇒ m_1 = m_2

m_1 ≈_1 m_2 ∀ m_1, m_2 ∈ M

Now, we define a continuous change from one extreme to the other. Thereby, we distinguish absolute similarity ≈^a and relative similarity ≈^r . The latter one takes the size of the measurements into account. a ≈^a_L b : ⇐⇒ (1 − L) ‖a − b‖ ≤ L a ≈^r_L b : ⇐⇒ ‖a − b‖ ≤ L (‖a‖ + ‖b‖) This similarity implies a robustness against noise.

An attribute of a measurement m is said to be robust against noise of level L, iff it holds for all measurements similar to m with level L.

For some attributes, like the monotony or the curveness of a measurement and for the comparison of the size of two measurements we developed methods to determine the robustness. From that, we gain robustness of the first level of the approach.

At the second level, the robust comparison of two measurements prevents us from wrong decisions whether a subspace should be discarded or not. The price is a possibly exhaustive search instead of a binary search. For the same price violations of monotony of the behavior may be handled by a system of penalties. A penalty π(S, ŷ, i) of a subspace S expresses the belief that S contains a diagnosis of the measurement ŷ_i ∈ M of the sensor i ∈ {1, 2, . . ., r}.

For an exhaustive search, the number of search spaces inquired may increase exponentially. Therefore, we examined different methods to calculate the penalties with the goal to get robustness against noise and violation of monotony while dealing with a tractable number of search spaces. Best results could be achieved with a penalty function π(S, ŷ, i) that uses the distances ‖ŷ_i − y^{x,ν}_i ‖ for all corners ν of the subspace S in relation to the activity of S. The activity of a subspace S is defined by the maximum distance ‖y^{x,ν}_i − y^{x,ν} 0 i ‖ for all corners ν, ν^0 of S. As one can see in the next section, the results are nearly as good as the unreachable optimal search. Thus, the exhaustive search could be avoided.

5 Results

The power of the new approach is demonstrated by some empirical examinations we made for a system much more complex than the example introduced. It also consists of three tanks, but in addition there are more pipes and valves, floating

Fig. 6. Scheme of a ballast tank system

switches, bend pipes, a pump, a filter, some additional pressure sensors, a throttle valve and a control unit (figure 6). We designed a fault model that pays attention to the typical defects given by a manufacturer of ballast systems and randomly created 3000 single and double faults with additional noise. An implementation of the two-level approach was able to diagnose all these faults correctly. In about one of three cases the first level leads to a minimal diagnosis in the sense, that for each resulting fault candidate there exists a configuration that may explain the measurements. In the remaining cases the second level was able to eliminate the additional fault candidates for which there exists no such configuration. It appeared that such a elimination is nearly as costly as the computation of a configuration that is a diagnosis. We also omitted the first level and only used the second level. In that case, the runtime roughly doubles.

Fig. 7. Mean number of inquired search spaces for three different operations

Figure 7 compares the mean number of inquired search spaces at the second level to the one of a unknown optimal search process. Optimal in the sense that it always knows which subspaces to discard or not. Therefore, it only inquires the minimal number of search spaces needed. The figure distinguishes between three different inputs {x_1, x_2, x_3} and the single faults (on the left side) and double faults that are injected. It demonstrates that the approach is very near to the unknown optimal strategy.

The success of the approach for that fixed example encouraged us to start developing a design tool for ballast tanks. With the help of that tool we will test the approach for arbitrary ballast tank systems. We hope that we then will be able to automatically select the sensors in a new system design that are useful to simplify the computation of its diagnoses. The key word of these future plans is design for diagnosis.

References

[CW84] E. Y. Chow and A. S. Willsky. Analytical redundancy and the design of robust failure detection systems. IEEE Transactions on Automatic Control, 29:603–614, 1984.

[Dav84] R. Davis. Diagnostic Reasoning based on structure and behavior. Artificial Intelligence, 24:347–410, 1984.

[DBMB93] O. Dressler, C. Böttcher, M. Montag, and A. Brinkop. Qualitative and Quantitative Models in a Model-based Diagnosis System for Ballast Tank Systems. In Proc. of the International Conference on Fault Diagnosis TOOLDIAG ’93, Toulouse, France, pages 397–405, 1993.

[DK89] D. Dvorak and B. Kuipers. Model-Based Monitoring of Dynamic Systems. In Proceedings IJCAI, pages 1238–1243, 1989.

[dKMR92] J. de Kleer, A. K. Mackworth, and R. Reiter. Characterizing diagnosis and systems. Artificial Intelligence, 56:197–222, 1992.

[dKW87] J. de Kleer and B. Williams. Diagnosing multiple faults. Artificial Intelligence, 32:97–130, 1987.

[EM94] H. W. Engl and J. McLaughlin. Inverse Problems and Optimal Design in Industry. Teubner press, 1994.

[FS92] B. Faltings and P. Struss, editors. Recent Advances in Qualitative Physics, chapter Sensor Selection in Complex System Monitoring Using Information Quantification and Causal Reasoning. MIT press, 1992.

[HVS95] G. Hotz, G. Vierke, and B. Schieffer. Analytic machines. Technical Report TR95-025, Electronic Colloquium on Computational Complexity (http://www.eccc.uni-trier.de/eccc), 1995.

[Ise84] R. Isermann. Process fault detection based on modeling and estimation methods: A survey. Automatica, 20:387–404, 1984.

[Mas86] M. A. Massoumnia. A geometric approach to the synthesis of failure detection filters. IEEE Transactions on Automatic Control, 31:839–846, 1986.

[MNTMQ96] R. Milne, C. Nicol, L. Travé-Massuyès, and J. Quevedo. TIGER: knowledge based gas turbine condition monitoring. AI Communications, 9:92– 108, 1996.

[Rei87] R. Reiter. A theory of diagnosis from first principles. Artificial Intelligence, 32:57–96, 1987.

This article was processed using the L^ATEX macro package with LLNCS style