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1 INTRODUCTION 

Monitoring and diagnostic tools are essential for mission control purposes, as well as for assessing 

and monitoring the health status of spacecraft and satellite components. 

The important issue of how to perform rule aggregation and inferencing with synergetic operators 

(aggregation operators that take into account the dependencies/synergies between overlapping or 

complementary rules/parameters) has never been addressed in the field. Recent developments in 

the theory of weighted aggregation operators and fuzzy multicriteria decision making have 

established Choquet integral as an interesting and powerful generalization of both the standard 

weighted averaging and the ordered weighted averaging. The essential novel feature of Choquet 

integrals is their capability of modelling and encoding the interaction patterns which correlate the 

various criteria, making use of techniques borrowed from discrete mathematics, cooperative game 

theory and weighted aggregation theory. 

The main goal of NOMDIS is to define a new inference scheme for translating the Choquet integral 

methodology from interacting fuzzy multicriteria decision systems to interacting rule-based expert 

systems for monitoring and diagnostic space problems. This novel approach extends the 

effectiveness and applicability of interactive intelligent systems for monitoring and diagnostic, just 

as Choquet integration has largely extended the validity and scope of weighted aggregation in 

fuzzy multicriteria decision making. 

The case study used in this project for the proof-of-concept was: 

Rosetta alarm system� development of a fault detection system for monitoring the 

degradation of the Inertial Measurements Packages (IMP) in terms of gyroscopes laser 

intensities and deviations from manufacturer degradation curve. 

It should be noted that initially two case studies were planned, however, since we did not obtain 

data for the second Case study (VENUS express) this case was only addressed in terms of 

suitability for usage with our approach. Hence, we will not discuss any further this case study. 

 

2 MAIN CONCEPTS 

Fuzzy Logic 

Fuzzy logic is a powerful problem-solving methodology with a myriad of applications in embedded 

control and information processing. Fuzzy provides a remarkably simple way to draw definite 

conclusions from vague, ambiguous or imprecise information. In a sense, fuzzy logic resembles 

human decision making with its ability to work from approximate data and find precise solutions. 
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Unlike classical logic (Boolean Logic) which requires a deep understanding of a system, exact 

equations, and precise numeric values, Fuzzy Logic allows modelling of complex systems using a 

higher level of abstraction originated from our knowledge and experience. 

Fuzzy inference Systems 

Fuzzy inference systems (FIS) or rule-based systems (FRBS) require the development of a rule 

base, which will contain the set of rules using fuzzy sets. Rules are usually given by the experts or 

they can be extracted from numerical data. There are two main types of inference schemes, which 

are usually denoted as: Mamdani-type and Sugeno-type. Both inference schemes consider fuzzy 

inputs but, while Mamdani considers fuzzy outputs, Sugeno considers crisp outputs (linear 

functions of the input variables).  

 FRBS are primarily used in control but they have a broader interpretation by considering the 

possible actions: monitoring and diagnostic, suggestion, conclusion, evaluation, classification.  

Choquet Integral 

The Choquet integral is useful in expressing the intended synergies between criteria/rules by 

means of a fuzzy measure and a non-additive weighted aggregation. The basic idea is to 

emphasize, either positively or negatively, subsets of criteria/rules that influence each other. The 

Choquet integral can be applied in inference systems of the Sugeno-type, to explore the possible 

synergies that exist between rules. 

 

3 NEW SUGENO-CHOQUET INFERENCE SCHEME 

In this project a new inference scheme was devised to integrate the advantages of the Choquet 

integral in Fuzzy inference systems of the Sugeno-type.  This integration will replace the usual 

weighted average rule aggregation of Sugeno with the Choquet integration.  

For the definition of the Choquet integral a measure needs to be defined; we proposed defining a 

2-additive measure (meaning only pair wise synergies between rules are considered for the 

creation of the fuzzy measure) using the correlation matrix for the firing levels of the rules to 

define pair wise interactions. 

Let  be a set of interacting criteria � in our case each criteria will be the firing level of 

a rule � and Ρ  the power set of . A Choquet measure on the set of criteria  is a set 

function 

{ nN ,...,2,1=

(N

( ): Ρ N

}
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2. ( ) ( )TSTSNTS µµ ≤⇒∅=∩∧⊆⊆  

Given one such measure, the Choquet integral of a vector ( ) [ ]nnxxx 1,0,...,1 ∈=  with respect to µ  

is defined as 
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where  indicates a permutation on  such that ( )⋅ N 1...0 )()1( ≤≤≤≤ nxx . Also  is defined as 
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Next, consider the pair wise correlation matrix nn×  matrix [ ]ijcC =  among the firing levels of the 

firing levels of the various fuzzy rules, 

]1,1[−∈ijc  jiij cc =  nji ,...,1, =  (3) 

where for convenience reasons we take a null main diagonal 0=iic  for i . We also denote 

 for i  individual weights of the fuzzy rules, normalized so that ; in this 

case we consider these weights to be the normalized firing levels for the rules, i.e.,  
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Our 2-additive fuzzy measure µ  is then defined for each coalition of criteria  using the following 

expression 
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where Ν  is a normalization factor given by 
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 In summary the algorithm works as follows: 

1. For each input vector and each rule the firing levels are computed and stored in a matrix 

�Firing-levels�; 
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2. The outputs for each rule and each rule are determined and stored in matrix �Outputs�; 

3. For each input vector the values for the antecedents of the rules are computed and using 

this values a fuzzy measure is computed and stored in a matrix �Measures�; 

4. Using matrices �Measures� and �Outputs� the results of the aggregations using Choquet 

integral are obtained. 

 

4 ROSETTA FAULT DETECTION SYSTEM FOR MONITORING THE 

DEGRADATION OF THE INERTIAL MEASUREMENTS PACKAGES 

ROSETTA is a European Space Agency-led unmanned space probe launched in 2004 intended to 

study the comet 67P/Churyumov-Gerasimenko. It is equipped with three IMP (henceforth IMP A, 

IMP B and IMP C), each containing three laser gyroscopes and three accelerometers. It also 

contains a LIM that allows monitoring the long-term evolution of the gyroscopes� laser intensity 

(LI). The LI of the gyroscopes have been showing a significant degradation over time. This is a 

very important aspect since as the gyroscope�s LI decreases with time, it will eventually render it 

unusable. Another relevant aspect is that temperature of each IMP affects their LI adding a certain 

complexity to the problem. The FIS that was constructed is a monitoring system for ROSETTA�s 

IMP: based on the intensity of each gyroscope�s LI and the deviation that the LI presents from an 

expected degradation curve for that gyroscope, the system produces alarms according to the 

severity of the situation. ESOC believes a system like this will be useful as a decision support tool 

to select the ON/OFF status of each IMP. The system can also be used to detect when the LI 

degrade to a point where the flight engineers should worry.  

Besides the initial analysis and assessment, two tasks of pre-processing were necessary to be able 

to have the appropriate data: removing the temperature influence from the LI and creating the 

expected degradation curve based on manufacturers specifications.  

4.1 ROSETTA RULE BASE SYSTEM 

The final rule base defined for the Rosetta case study was: 

1. IF (Dev is acceptable) and (LI_ is low) THEN (Alarm_ is critical) 

2. IF (Dev is acceptable) and (LI_ is medium) THEN (Alarm_ is notice) 

3. IF (Dev is acceptable) and (LI_ is high) THEN (Alarm_ is nominal) 

4. IF (Dev is small) and (LI_ is low) THEN (Alarm_ is danger) 

5. IF (Dev is small) and (LI_ is medium) THEN (Alarm_ is notice) 
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6. IF (Dev is small) and (LI_ is high) THEN (Alarm_ is nominal) 

7. IF (Dev is big) and (LI_ is low) then (Alarm_ is critical) 

8. IF (Dev is big) and (LI_ is medium) THEN (Alarm_ is danger) 

9. IF (Dev is big) and (LI_ is high) THEN (Alarm_ is danger) 

10. IF (LI_ is low) THEN (Alarm_ is danger) 

4.2 INPUT AND OUTPUT VARIABLES 

The system has two input variables, one relating to the deviation from the expected degradation 

and another corresponding to each gyroscope�s LI. The following figures (1 through 10) represent 

the linguistic variables used for each system.  The first linguistic variable Dev is common to all nine 

systems, while the other variable, LI, changes from system to system, i.e. from IMP A to IMP C for 

each gyroscope. 

Figure 1: Linguistic Variable Dev. 

 

 

Figure 2: Linguistic Variable LIA1. 

 

 

 

Figure 3: Linguistic Variable LIA2. 

 

 

Figure 4: Linguistic Variable LIA3. 

 

 

Figure 5: Linguistic Variable LIB1. Figure 6: Linguistic Variable LIB2. 
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Figure 7: Linguistic Variable LIB3. 

 

 

Figure 8: Linguistic Variable LIC1. 

 

 

Figure 9: Linguistic Variable LIC2. 

 

 

Figure 10: Linguistic Variable LIC3. 

 

 

 

The output variable represents the Alarm levels considered for the case study. As mentioned 

previously, since we use a Sugeno-type inference process our outputs are crisp, even though they 

have labels associated with them, such as: 

Label Values 
normal 0 
notice 1/3 
alarm 2/3 
danger 1 

 

4.3 RESULTS 

We performed several tests to validate the system using simulated data and only for gyroscope 

Ax1 because the rule base for this Fuzzy Inference System (FIS) is equivalent to the FIS of the 

other gyroscopes, Ax2 through Cx3. Since the Rosetta mission started recently all tests were done 
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with simulated data and covered: noisy data; sudden changes in the LI; several levels of deviation; 

and general behaviour tests.  

Here we only show one test of the general behaviour to exemplify the results provided by the 

system. The Figure with the results has two graphics inside: one describing the simulated LI during 

the complete period of life, Beginning of Life (BOL), Middle of Life (MOL) and End of Life (EOL); and 

the other showing the Choquet-Sugeno FIS results with the respective alarm levels produced. 

Figure 2: Alarm system output for general behaviour. 

 

Observing the picture, it can be seen that the system is responding appropriately: a) whenever the 

LI exceeds the expected LI during BOL (beginning of life) the system produces no alarms; b) for 

both BOL and MOL (medium of life) periods, alarms are only issued when the deviation becomes 

too high, however these warnings do not reach a �critical� level; c) during EOL (end of life), 

�critical� alarms are produced every time the LI approaches the dangerous 0.7 Aµ  threshold; d) 

also during EOL, even though the LI curve exceeds the expected degradation curve, the system is 

still able to detect low LI values and produce alarms accordingly. 
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5 CONCLUSION 

This project proposed a new method for fuzzy inference systems that takes into account possible 

synergies that exist between rules. A case study, ROSETTA Alarm System, was developed to serve 

as a proof-of-concept for the new method. The results obtained proved that the approach is 

worthwhile, particularly for situations with redundant or duplicate information in the rule-base 

system. 
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