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Fig. 8. Modeling fault classes using residual data from Fig. 7 and CAP
models, here thresholded PI -OSVM models. The overlap between fault
classes is evaluated by counting the percentage of data that can be explained
by each fault class. Samples not belonging to any known fault class belong
to the unknown fault class fx.

in the matrix shows how many samples from a fault scenario
with fault f l are associated to fault class fk. The evaluation
in Fig. 8 shows that it is more difficult to correctly classify
fault classes when the CAP-models are overlapping, in this
case mainly {NF, fpaf} and {fwaf , fwth}, respectively.
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Fig. 9. Fault class probabilities p(f l
t |r̄t) from validation data in Fig. 7. The

gray intervals represent when the corresponding fault class is the true one and
the probability should be high, and zero otherwise.

A comparison of filtered (2) and smoothed (3) estimates of
class probabilities are shown in Fig. 11. Here, the transition
probability between two different classes in ⇧ is chosen
experimentally as 1% and staying at the same class as
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Fig. 10. Evaluation of a set of PI -OSVM classifiers where the output of the
ensemble classifier for each sample is the class with the highest probability,
see Fig.. 9. Each column represent a fault scenario and each row the ranking
of each fault class.

100 � (n + 1)%. Experiments show that a higher transition
probability between fault classes results in bigger fluctuations
in p(f l

t |r̄t) while a lower transition probability reduces the
fluctuations but, sometimes, also requires more samples after a
fault occur before p(f l

t |r̄t) changes significantly. The different
subplots in Fig. 11 show the computed probability of each fault
class where the highlighted gray areas show when the fault is
present and the ranking should be high, and zero otherwise.

Each sample is associated to the fault class with the highest
probability after applying Bayesian filtering and smoothing.
Compared to the sample-by sample classification in Fig. 9
the filtered estimates significantly improve fault classification
performance, especially between fault classes that are over-
lapping in Fig. 8. The smoothed probability often seems to
dominate for one class at each sample time compared to using
the Bayesian filter only. In the figure, only a few samples are
classified to belong to the unknown fault case.

Classification performance using Bayesian filtering and
smoothing are shown in Fig. 12 and Fig. 13, respectively. The
output percentages show the ranking of each fault class in each
scenario. The most significant improvement, with respect to
the sample-to-sample classification in Fig. 8, is classification
of fault fpaf where the ranking of the true fault increases from
61.3% to 81.3%. When comparing the results in Fig. 12 and
Fig. 13, Bayesian smoothing has only a slight improvement in
classification accuracy with respect to Bayesian filtering.

B. Classification of unknown faults

Unknown fault scenarios are simulated by training a set
of PI -OSVM models without including training data from
the fault class that is considered unknown in the scenario.
Seven unknown fault scenarios are evaluated where data from
one fault class in Table I are excluded during each training
phase and a set of PI -OSVM models is trained based on the
remaining known fault classes. Then, validation data from the
unknown fault class is classified using the PI -OSVM models
and Bayesian smoothing to rank the different fault classes in
each scenario. Ideally in each fault scenario, the unknown fault
class fx should have the highest rank since the model of the
true fault is not available.


