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Abstract.  
The turbomachinery systems on oil platforms are extremely sensitive, as their 
failure can cause total shutdown of the platform's production activity. Sched-
uled stoppages for preventive maintenance are effective, since qualified person-
nel and replacement parts are available and ready.  On the other hand, shutting 
down a turbo machine ceases petroleum production.  Not rarely, maintenance 
people conclude the machine could have worked much longer. Monitoring the 
machines’ behaviors to predict the best time to stop has been an industry trend. 
Failure prognosis has been performed using statistical methods and Artificial 
Intelligence techniques, such as Neural Networks, Fuzzy Systems and Expert 
Systems. This study presents the results obtained by developing an expert sys-
tem based on case-based reasoning for turbomachinery failure prognostics. 
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1 Introduction 

The equipment used for oil extraction and exploration operates under severe condi-
tions. High pressure, high temperatures, aggressive working conditions, high through-
put and long shifts can have a critical effect on any component. 

The turbomachinery systems are the most sensitive equipment on a platform, since 
any interruption causes total shutdown of platform activity, resulting in high financial 
cost. To avoid interruption to turbomachinery operation it is very important to carry 
out preventive maintenance that is scheduled to occur during circumstances and at 
times when there is a high degree of control. The choice of when to carry out this 
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preventive maintenance is based on the equipment's failure prognostics. Failure mod-
els that predict time or cycles to failure have been available for materials and simple 
structures for years and they are generally based on vibration analysis (Pusey & Roe-
mer 1999). Using regular measuring, it is possible to draw a trend graph that will 
make advance scheduling possible, by identifying the best window of opportunity for 
equipment maintenance. Experts examine the data and use the information to deter-
mine potential trends and fault models. These professionals are expensive, and hard to 
find. This gives rise to a window of opportunity for providing intelligent systems that 
perform at least as well as human specialists in failure prognostics. 

This work describes the results obtained from developing an intelligent system for 
failure prognostics on turbomachinery installed on oil platforms. A mandatory speci-
fication was to consider the context so that the observations stored about the machin-
ery, when obtained from different equipment for example, would have a weighting to 
adjust the similarity. These weights are historic heuristic values and are stored by the 
maintenance team. In the case of turbomachinery, there is little available data and it is 
extremely uneven. When training set is unbalanced, the conventional least square 
error (LSE) training strategy is less efficient to train neural network (NN) for classifi-
cation because it often lead the NN to overcompensate for the dominant group (Li et 
al. 2006). Then  the use of Neural Networks and Fuzzy Systems has ceased to be a 
preferred option when solutions are being sought. When using specialist rule-based 
systems, the conclusion, as per Bergmann (2000), is that there is too much interde-
pendency between the rules, that the rules obtained were difficult for non-specialists 
in Artificial Intelligence to understand and that the effects of changes (updates) to the 
rules were difficult to predict. As such, the most appropriate way to address the task 
was to use Case-Based Reasoning. 

This paper presents CBRTurbo, a case-based reasoning system that uses a set of 
cases and a set of heuristic rules to reach a diagnosis for a machine behavior.  A case 
is composed of: (1) machine behavior data:  a set of 16 interpreted sensors’ data and 
the trend for each sensor, (2) a set of parameters describing the environment, such as 
the environment temperature and the petroleum flow, and (3) the set of diagnosis 
related to the machine in the conditions described by (1) and (2). We compared our 
results with SVN and pure neural networks.   

 

2 Overview of prognostics technology 

The experienced based prognostics are used in absence of a model of the equipment 
and lack of sufficient sensors and require the failure history or recommendations of 
the designer of the component under similar operation. This kind of prognostics can 
be updated frequently for better results. Evolutionary prognostics rely on gauging the 
proximity and rate of change of the current component condition to measure the deg-
radation of the component (Roemer et al. 2006). Usually this approach considers the 
mechanical system as a whole and requires multiple sensors information in order to 
assess the current condition of the system or subsystem and relative level of uncer-



tainty in this measurement. The state estimator prognostics are a technique that uses 
filters, such as the Kalmann filters or various other tracking filters to obtain the de-
sired prognostics. In this case, the minimization of error between a model and meas-
urement is used to predict future feature behavior. At the end, the tracking filter ap-
proach is used to control and smooth out the features related to the prediction of pro-
gression of a given failure mode and thus is used in diagnosis and prognosis. A poten-
tial failure mode is the manner in which a failure can  occur—that is, the ways in 
which the item fails to perform its intended design function, or performs the function 
but fails to meet its objectives (Lipol & Haq 2011). Failure modes are closely related 
to the functional and performance requirements of the product. Physics of failure is an 
approach that utilizes knowledge of a product’s life cyclic loading and failure mecha-
nisms to design for and assess reliability. This approach is based on the identification 
of potential failure modes, failure mechanisms and failure sites of the product as a 
function of the product’s life cycle loading conditions (Pusey & Roemer 1999). A 
physics-based stochastic model can be used to evaluate the distribution of remaining 
useful component life as a function of uncertainties in component strength/stress or 
condition for a particular fault. Often the results from such a model can then be used 
to create a neural network or probabilistic-based autonomous system for real-time 
failure prognostic predictions. 

Feature progression and AI based prognostics tracks the degradation paths of se-
lected features that progress through a failure. For this approach is necessary to know 
the values that characterize the component failure being studied. These real world 
values are used for training in a machine learning procedure. Using the features of 
input and the expected output method AI will learn and provide as output the desired 
outcome. The difference between the prediction and the value obtained from the real 
world is the error that should be minimized in the learning system such as neural net-
work, SVM, expert system, etc. At present, it is crucial for predictive maintenance to 
perfect and automate the ability to interpret vibration data, which represents a wide 
scope for applying Artificial Intelligence, particularly Neural Networks and Fuzzy 
Systems (Lopes, 1997). Whenever enough data is available these techniques present 
significant results. 

Behavior models that should be monitored can be identified by statistical methods, 
such as Robust Estimation and Systems Identification, as well as techniques based on 
Artificial Intelligence, such as Neural Networks, Fuzzy Systems and Expert Systems. 
Expert Systems can adopt Rule-Based Reasoning and Case-Based Reasoning. Fault 
identification algorithms widely use pattern recognition techniques, mostly different 
Artificial Neural Networks (Loboda et. al 2012). In order to avoid direct use of com-
plex statistical recognition methods, Pipe (1987) used a simplified linear and non-
linear discriminant analysis technique. Neural networks or other AI techniques are 
trained on features that progress through a failure (Byington et. al 2002).  



3 Case-Based reasoning 

Case-Based Reasoning (CBR) a technique which coordinates past events with current 
events to enable generalization and prediction (Schank 1982). It is a methodology for 
solving problems and not a specific technology (Watson 1999). Methodology is an 
organized set of principles which guide action in trying to “manage” (in the broad 
sense) real-world problem situations (Checkland & Scholes 1990). 

CBR solves new problems by adapting similar solutions that were used to solve old 
problems to new problems (Riesbeck & Schank 1989). A case describes one particu-
lar diagnostic situation and records several features and their specific values occurred 
in that situation (Bergmann 2000). Conceptually CBR is commonly described by the 
CBR-cycle made up of four actions: retrieve, reuse, revise and retain (Watson 1995). 
Retrieval is the action of finding and returning cases similar to the one under analysis. 
Reusing is the action of adapting the solution retrieved so that it adapts to the new 
problem. Revision is the action of assessing the solution in terms of the current case, 
evaluating its effectiveness, and possibly reformulating it based on knowledge of the 
domain. This happens when the user does not agree with the solution and asks for a 
new case, defining which input features are relevant and what the correct fault and 
time to fault should be for this new case. Retention is the action of storing a newly 
recognized case in memory, for future use. 

There are two key aspects of CBR technology: defining what “similar” means and 
defining the adaptation function. 

Prognostics on a machine means detecting a fault that will lead to failure and pre-
dicting how much time will elapse before this probable failure occurs.  

The CBR algorithm is characterized by its use of two functions: the similarity 
function and the adaptation function. The similarity function, usually implemented 
using the k-Nearest Neighbor algorithm, calculates the distance between the current 
case and the cases stored in the case base. This function should select cases that can 
be adapted easily to the current problem or select cases that have (nearly) the same 
solution for the current problem. The basic assumption is that similar problems have 
similar solutions (Bergmann 2000). The adaptation function starts with the current 
case and the case in the case base that is most similar to the current case. It returns the 
set of transformations / adaptations to be applied to the case pulled from the case 
base, for solutions to the current problem. 

4 CBRTurbo model 

 

The model proposed uses CBR technology. As described in figure 1, the user in-
puts the data from the machine he needs a prognosis.  The data input are temporal 
series of vibration from the sensors and the petroleum flow data.  After pre-processing 
the data to segment the time series and to reach trend values for each series, the Con-
troller calculates the distance between the current case data and all cases in the data-
base.  The three best fits are retrieved.  The Controller triggers the Diagnosis module 



to reconcile the results and reach a probable set of diagnosis. After obtaining the 
probable diagnosis, the Controller triggers the Prognosis module to get the most prob-
able date when the machine will break considering the trends. The user follows all the 
process and adjusts it by ratifying or rectifying the results.  Based on this interaction, 
the weights for calculating distances might be modified by the Learning Module. 

 

 

Fig. 1. System Model 

 

The user interacts with the system via an interface module. The confirmed cases on 
the system are stored in a case base and the turbomachinery information is obtained 
using a data acquisition module. A diagnostic module identifies the most probable 
future fault for a case under analysis. When the user disagrees with the system's diag-
nosis and identifies a new one, a new case is generated and recorded on the case base 
by the learning module. A prognosis module generates the most probable time to 
future failure as a result of the fault diagnosed. A controller module oversees the ac-
tivity of the other modules. 

Each case was configured containing the equipment, a list of faults found, the 
user who confirmed the case, the platform where the equipment is installed and a list 
of vibration readings (for one or more sensors). The similarity of contexts compares 
equipment, sensor, rotation, total RMS (root mean square), number of peaks and 
greatest peak for the case in the case base, with corresponding values for the current 
case using heuristic weighting supplied by the platform's engineering team. Table 1 
shows these weightings. 

 



Table 1. Context weight values   

Equipment/ Rotation / Total RMS / #peak / Greatest peak 
equal 1.00 
same type 0.90 
different 0.70 

Sensor 
equal 1.00 
same type, component and position 0.95 
same component and position 0.90 
different 0.70 

 

The search for the most similar case combines classic vibration analysis (Mitchel 
1993) with the equipment's environment (context). Mitchell makes the fault diagnosis 
via vibration by discrete analysis of the vibration readings' frequency spectrum. Dis-
cretization is done in multiple/submultiple frequency bands of the equipment's fun-
damental frequency, for which the total RMS is calculated. If the fundamental fre-
quency is called N, the submultiple bands correspond to 0-40, 40-55 and 55-90 of N. 
The multiple bands correspond to 1N, 2N, 345N, with 345N being the band compris-
ing the frequencies from 3N to 5N. In most cases the fundamental frequency was 
182.5 Hz. 

The cases in the base are stored with only one spectrum, the one with the total 
RMS closest to the corresponding shutdown value. The influence of the frequency 
spectrum gives origin to what is called internal weight (intWeight), which is calculat-
ed as the Euclidean distance between the total RMS vectors of the database case’s 
spectrum and the closest failure spectrum of the current case. The influence of context 
gives origin to the external weight (extWeight). The similarity weight (w) will be 
expressed as the sum of the internal weight and the external weight. 

Using the diagnostics selected by similarity, failure prognostics by regression of 
the machinery history are carried out. This is possible because the base cases store 
vibration readings over time. Starting from the point where the RMS of the current 
case reading coincides with the chosen regression curve ordinate (taken from the most 
similar case in the base), this curve is applied to the readings of the case under analy-
sis, and, when the curve attains the shutdown RMS corresponding to the sensor of the 
reading under analysis, the time to failure prognosis will have been found.  

CBRTurbo model was implemented using Visual C + + with MFC (Microsoft 
Foundation Classes) and was integrated to an environment accessing a Plant Infor-
mation Database (PI). 

The algorithm time complexity is O(nˆ3) manly due to the prognosis part for which 
n is equal the number of sensor readings stored in the case base. So far there is no 
need for a parallel solution since the response time has been admissible in the range of 
few seconds on dual core computers with 4 GB memory. However, as the number of 
cases increase, a parallel solution will be called for. Our algorithm is easily paralleled 
since it can send each similar case to a different processor for adjustments.  

 



5 Data set 

The maintenance team on the actual platform studied provided a set of tests show-
ing 475 cases. There were 10 diagnosable faults (imbalance, rotor rub, angular misa-
lignment, parallel misalignment, defective bearing, loose bearing or support, defective 
coupling, friction instability and oil film instability, as well as no fault detected). The 
initial number of confirmed cases was 43. There were 475 cases available, with 34 
classified as no fault detected. 

The overall hit rate achieved was 87.13%, as described below. The hit rate by fault 
is shown in table 2. 

Table 2. Fault diagnostic hit rate 

Fault Number of test runs with the fault Hit rate 
Imbalance 264 93.82% 
Angular misalignment 63 83.60% 
Parallel misalignment 79 80.26% 
Defective bearing 26 84.61% 
Loose bearing or support 2 100.00%  
Defective coupling 0 ND 
Friction instability 1 42.85% 
Oil Film Instability 6 ND 
 
The relative influence of the frequency spectra and context were analyzed using 

tests to compute the quantity of hits regardless of faults, annulling some of the singu-
larity weight components (frequency spectrum and context factors). In this way the 
results shown in table 3 were obtained: 

Table 3. Fault diagnostic hit rate X similarity weight component 

Context attribute inconsideration Overall Hit rate 
All attributes 86.31% 
Equipment attribute 89.50% 
Sensor attribute 87.40% 
Rotation attribute 89.50% 
Total RMS attribute 87.40% 
Peak number attribute 88.40% 
Greatest peak attribute 87.40% 

None (using all attributes) 89.50% 

 
By calculating similarity only via the frequency spectrum, the worst result is ob-

tained (86.31%). Of the context components in the sample of available cases, it was 
clear that the Total RMS and Greatest Peak attributes have the strongest influence on 
the hit rate, since not considering them caused the largest drop in the rate. Similarly, 



the Equipment attribute has the lowest influence on the hit rate since not considering 
it caused an insignificant drop in the hit rate. 

In another test of the results obtained did the clustering of the data available in four 
models using the k-Means algorithm obtaining clusters sets KM1, KM2, KM4 and 
Km3. We compared the sizes of the clusters obtained with the cardinalities of fault 
types obtained with CBRTurbo getting the results shown in Figure 2. 

One can see that the results are quite consistent presenting distortions only in fault 
types that are rare in the sample available such as Loose bearing or support, Defective 
coupling, instability Friction and Oil Film Instability. This means that the CBRTurbo 
acquires knowledge as more data are analyzed. 

 

 

Fig. 2. CBRTurbo and data clustering 

6 Conclusion 

 

The analysis of vibrations in rotating machines has been addressed by several tech-
niques (Yang et al. al 2003). The use of Statistical Methods such as PCA analysis and 
Autocorrelation Matrix was made in ( Thiry et . al 2004). Multi -agent decision fusion 
was reported by (Niu et al. 2007). Fuzzy measure and fuzzy integral data fusion tech-
niques can be found in (Liu et . al 2009) . 

These studies are predominantly theoretical without displaying hit rates for com-
parison with the treatment presented in this article. In a paper on Ensemble Classifiers 
applied to pumps platforms (Wandekokem et . al 2010) we found some results that 
can be used for comparison. In this work, the hit rate for misalignment varies between 
76.5 % and 77.8 % (SVM with or without ensemble classifiers) . CBRTurbo model 



provided us with results of 80.3% for angular misalignment and 93.8 % for parallel 
misalignment. 

To unbalance (Wandekokem et . al 2010) present values between 82.2% and 
83.3% while CBRTurbo model presents the 93.8% value. 

The CBRTurbo results were very good for the prognosis using synthetic data, but 
were inconclusive using real data since the information available gives fault dates 
(confirming the diagnostics) but does not show any failure dates (to confirm the fail-
ures). Platform maintenance does not allow the vibration peaks to get high enough, so 
that when regression is applied to the prognosis the failure dates obtained are for peri-
ods of 10 or more years, which is not satisfactory. 

Comparing the results obtained, we can conclude that the maintenance team 
overvalued the context components. It seems that the good results obtained by the 
context components are due to the fact that in the case base the frequency spectra of 
cases that are most similar to the current cases are chosen because of being similar 
equipment and therefore, likely to show similar faults. 

Considering only the frequency spectra is less contradictory, and results of 
81.10% can be considered quite satisfactory. 
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