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(d)
Figure 12. The frequency spectrum analysis for the state-of-the-art methodologies: (a) the input signal,

(b) the output signal from the Hilbert transform module, (c) the output signal from the window
bandpass filter module, and (d) the output signal from the wavelet transform WTK module.

Figure 13. Frequency spectrum analysis of the input and output signal of the ANR-GRS module.
4.2. Classification Results

The classification performance of the proposed methodology is evaluated in two experiments.
At the beginning, the feature sets of the dimensions 4 x 300 x 21 (300 samples from each of four
health states, as shown in Table 2) for each speed (in this experiment, 300 RPM, 600 RPM, 900 RPM,
and 1200 RPM) were selected. Then, in the first experiment, the dataset is created by merging the
data of four available health states under different rotating speeds resulting in the new feature set of
the dimensionality 4800 x 21. This dataset was then randomly divided into a train and a test sets at
ratio 8:2 for training and testing OAOMCSVM classifier and general evaluation of the proposed fault
diagnosis methodology.

Furthermore, to prove the robustness of the proposed ANR-GRS technique, the second experiment
is performed where the classifier is trained on data (i.e., feature sets) corresponding to single rotating
speed and tested by data instances collected under other speeds. Specifically, feature set for a single
rotating speed was used as a training set (for instance, feature set corresponding to 300 RPM with the
dimensionality of 4 x 300 x 21), and the feature sets corresponding to two other speeds were used for
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testing (for instance, feature set corresponding to two other speeds 600 RPM and 900 RPM with the
dimensionality of 4 X 600 x 21).

Those processes were run four times. To construct the training model for classification, k-fold
cross-validation (k-cv) was used to estimate the accuracy of the generalized classification [52]. In k-cv,
the set of samples in the feature vector is split randomly into k mutual folds (k=10 in this study), denoted
as C1, C2,..., Ck. The classification OAOMCSVM operates on k-times of the accuracy estimation.

Some folds {Cj} (a random subset from k folds) are used as a training set, and the rest are used as a
validation set and alternative iteration k times. More specifically, for each speed, 300 feature vectors for
each health state in the training set were partitioned into ten folds (each fold containing 30 randomly
chosen feature vectors (30 x 21) for each health state); 9 of those folds were used for training, and the
1 remaining fold was used for validation. That process was repeated 10 times until all folds had been
used as the validation set. The final measure of performance in the training model is the average
value of the accuracies attained in each fold. These data are then used as the testing dataset (which
was not used at all in the training process) to verify the OAOMCSVM method and provide the final
classification result.

We also used the OAOMCSVM classification method to classify the feature pool configuration
datasets extracted from the comparison signal processing methodologies: the raw vibration signal
(lowpass filter output signal) extraction (methodology I), HT, (methodology II), WBF (methodology
1), WIK (methodology 1V), and the IMFs and residuals from the EMD (methodology V).
The implementation of those methodologies for achieving the classification result for the four
health states complied strictly with the conditions used with input from the ANR-GRS module
just described. To estimate the classification result between methodologies (the proposed method
and others), all twenty-one features of the vibration signal were used as input feature vectors for the
OAOMCSVM module to ensure that the most informative features for and from each methodology
were used fairly for the classification. The classification results of the state-of-the-art methodologies
and the proposed ANR-GRS methodology obtained during two experiments are shown in Tables 4
and 5 and Figure 14 to visualize the results tabulated in Table 5. Those classification accuracies were
computed as follows:

L Np

.100% 23
N, samples @3)

Caccuracy =
where L is the number of categories (L = 4 as four health states), Ntp is the number of true positives
(the number of fault samples in category i that are correctly classified as class i), and Ngamples is the
total number of samples used to estimate the performance of the proposed methodology.

Table 4. Classification results for state-of-the-art methodologies and the proposed ANR-GRS
methodology by a combination dataset of different speeds.

OAOMCSVM (4800 Samples) Accuracy (%)
Methodology  Tyaining Set Test Set Healthy Fault Fault Fault Overall

(80%) (20%) Typel Type2  Type3 (%)

I 3840 960 59 73 69 75 69.0

11 3840 960 84 80 67 83 78.30

111 3840 960 92 89 76 83 84.6

v 3840 960 85 87 58 74 73.10

v 3840 960 92 89 88 94 90.80
ANR-GRS 3840 960 100 99 99 100 99.70

160



Sensors 2020, 20, 3105

Table 5. Classification results for state-of-the-art methodologies and the proposed ANR-GRS
methodology by observation of separated speed dataset.

OAOMCSVM (10-Fold

0
Cross Validation) Accuracy (%)
Methodology
Training Set Test Set Health Fault Fault Fault Overall
(300 Samples) (600 Samples) y Typel Type2  Type3 (%)
600 RPM,
300 RPM 900 RPM 53 78 69 52 63
900 RPM,
600 RPM 1200 RPM 74 47 53 80 63.5
I
600 RPM,
900 RPM 1200 RPM 54 46 64 81 61.25
300 RPM,
1200 RPM 600 RPM 53 53 68 77 62.75
Opverall by health states 58.5 56 63.5 72.5 62.63
600 RPM,
300 RPM 900 RPM 51 99 63 85 745
900 RPM,
600 RPM 1200 RPM 75 67 64 72 69.5
I
600 RPM,
900 RPM 1200 RPM 75 48 70 83 69
300 RPM,
1200 RPM 600 RPM 74 62 74 84 73.5
Opverall by health states 68.75 69 67.75 81 71.63
600 RPM,
300 RPM 900 RPM 75 58 69 93 73.75
900 RPM,
600 RPM 1200 RPM 74 70 80 84 77
11
600 RPM,
900 RPM 1200 RPM 70 49 72 63 63.5
300 RPM,
1200 RPM 600 RPM 83 53 72 66 68.5
Opverall by health states 75.5 57.5 73.25 76.5 70.69
600 RPM,
300 RPM 900 RPM 64 74 87 63 72
900 RPM,
600 RPM 1200 RPM 82 49 72 64 66.75
v
600 RPM,
900 RPM 1200 RPM 63 47 69 76 63.75
300 RPM,
1200 RPM 600 RPM 63 49 70 67 62.25
Opverall by health states 68 54.75 74.5 67.5 66.19
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Table 5. Cont.

OAOMCSVM (10-Fold

Cross Validation) Accuracy (%)
Methodology
Training Set Test Set Health Fault Fault Fault Overall
(300 Samples) (600 Samples) y Type 1 Type 2 Type 3 (%)
600 RPM,
300 RPM 900 RPM 77 94 72 89 83
900 RPM,
600 RPM 1200 RPM 90 82 91 82 86.25
v
600 RPM,
900 RPM 1200 RPM 94 80 69 85 82
300 RPM,
1200 RPM 600 RPM 98 65 69 83 78.75
Overall by health states 89.75 80.25 75.25 84.75 82,5
600 RPM,
300 RPM 900 RPM 100 95 98 100 98.25
ANR-GRS 900 RPM,
600 RPM 1200 RPM 98 99 99 100 99
600 RPM,
900 RPM 1200 RPM 98 99 97 99 98.25
300 RPM,
1200 RPM 600 RPM 99 98 95 99 97.75
Opverall by health states 98.75 97.75 97.25 99.5 98.31

Table 4 illustrates that the proposed technique significantly outperforms its counterparts when
it is trained on the data instances corresponding to all available speeds and achieving the highest
accuracy of 99.7%.

Table 5 demonstrates that the proposed approach using ANR-GRS also yielded the highest average
classification accuracies (98.31%) in comparison with the other five state-of-the-art signal processing
methodologies when it is trained and validated on datasets corresponding to separate rotating speeds.

The methodology I extracted the feature vectors of all four speeds for classification by the
OAMCSVM directly from the raw vibration signal (OutLPF signal), in which non-linear and
non-stationary signals drown out the informative signal. Accordingly, those results are distributed
chaotically among the four classes, producing the lowest accuracy among the 6 methodologies (62.63%).
For methodologies II, III, and IV, the vibration signals change with the different characteristics of the
gearbox vibration signal (its amplitude and phase modulation signal), so their classification accuracy is
also low, around 70%. Methodology V (the EMD technique) is outstanding in comparison with the
first four approaches (82.5%) because it extracts IMFs, which contain fault-related information to better
discriminate between classes. However, IMFs can be mistakenly extracted from noise components,
which damaged the accuracy compared with the ANR-GRS technique by around 15%.

In addition, as a quantitative evaluation, we present the space distribution in a 3-dimensional
visualization (Figure 15) of samples belonging to four classes based on some features extracted from
the outLPF signal and the outANRsignal (signals before and after using the ANR-GRS technique,
respectively). The features of the outANR signal show better separation and clustering for different
health states of the gearbox fault diagnosis experimental scheme. Samples from the same class are
more closely clustered, whereas samples from different classes are discriminated and easy to classify.
On the contrary, before using the ANR-GRS, the features of different classes overlap, making it difficult
to distinguish the fault classes.
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Figure 14. The accuracy of each class and the average accuracy of the state-of-the-art methodologies
and the proposed ANR-GRS methodology.
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Figure 15. Three-dimensional visualization of features extracted from (a) the input signal of the
ANR-GRS module and (b) the output signal of the ANR-GRS module.

Moreover, confusion matrixes are shown in Figure 16 to demonstrate the reliability of the
varying-speed gearbox fault diagnosis methodology using the ANR-GRS module for effective noise
reduction. Using real-time tracking of the rotation speed (RPM) of a gearbox system, the ANR-GRS
generated speed-related function signals for real-time tracking of speed-dependent noise components,
and the optimized output signal was unaffected by speed during classification.
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Figure 16. Confusion matrixes for four classification cases according to the speed dataset input for
training: (a) 300 RPM, (b) 600 RPM, (c) 900 RPM, (d) 1200 RPM.

5. Conclusions

In this study we propose a reliable fault diagnosis methodology for gearbox systems under varying
speed conditions. It integrates adaptive noise control to significantly reduce noise with machine
learning classification to classify the fault states of the gearboxes. First, we created a set of Gaussian
reference signals that are a function of the rotation speed and consist of many noise components such
as white noise and band noise that are correlated to the parasitic noise in the vibration signals and
independent of the intrinsic informative components. Then, we applied those GRSs to an adaptive
noise control technique that produced an optimal sub-band as output for each 1-s vibration sample.
The most optimal sub-bands were then used in the feature pool configuration to extract feature vectors,
and an OAOMCSVM was used for classification. The experimental results indicated that the proposed
gearbox fault diagnosis methodology achieved the highest classification accuracies in both experiments
that are equal to 99.7% and 98.31% while significantly outperforming the counterpart state-of-the-art
methodologies used for the comparison. In future research, we will continue improving the robustness
of the proposed methodology and investigate it’s applicability to the real-time fault diagnosis scenarios.
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Abstract: The purpose of the paper is to develop an efficient approach to fault-tolerant control for
nonlinear systems of magnetic brakes. The challenging problems of accurate modeling, reliable fault
detection and a control design able to compensate for potential sensor faults are addressed. The main
idea here is to make use of the repetitive character of the control task and apply iterative learning control
based on the observational data to accurately tune the system models for different states of the system.
The proposed control scheme uses a learning controller built on a mixture of neural networks that estimate
system responses for various operating points; it is then able to adapt to changing working conditions
of the device. Then, using the tracking error norm as a sufficient statistic for detection of sensor fault,
a simple thresholding technique is provided for verification of the hypothesis on abnormal sensor states.
This also makes it possible to start the reconstruction of faulty sensor signals to properly compensate
for the control of the system. The paper highlights the components of the complete iterative learning
procedure including the system identification, fault detection and fault-tolerant control. Additionally,
a series of experiments was conducted for the developed control strategy applied to a magnetic brake
system to track the desired reference with the acceptable accuracy level, taking into account various
fault scenarios.

Keywords: braking control; nonlinear systems; fault tolerant control; fault detection; iterative learning
control; neural networks

1. Introduction

Modern industrial systems are usually complex and nonlinear. This leads directly to challenging
problems related to control design as requirements imposed on the control quality and robustness
continuously increase. Since it is not easy to deal with the nonlinear models, there is still a need for
new systematic methods taking advantage of the specificity of a particular class of nonlinear systems.

A magnetic brake also called an eddy-current brake is a typical example of such nonlinear systems with
tangible applications in various areas of the automotive industry, including high speed railways, big trucks
and industrial elevators. Basically, in the regime of the high speed reached by current vehicles, the classical
friction-based retarders become ineffective and insufficient. Therefore, magnetic or electro-magnetic brake
control systems constitute an attractive alternative to ensure travelers and vehicle safety and reliability.
These are characterized by the fast response time, a non-contact construction, and a relatively low level of
failure rate in comparison to conventional brakes.

As for control design for magnetic brakes, the problem is considered to be difficult since the complex
dynamics include not only temporal but also spatial effects. This excludes the direct extension of results

Sensors 2020, 20, 4598; d0i:10.3390/s20164598 www.mdpi.com/journal/sensors
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from control theory for linear systems. Additionally, the system is characterized by a strict antisymmetry
of control, as one can control only the rate of deceleration. Nevertheless, a few more or less successful
attempts at adapting this theory have been reported by various authors in the control engineering literature.

In [1], the authors used an input-output feedback linearization scheme for speed control. However,
they used a simplified control-affine model to derive the control law. In [2], the author used the classical
proportional-integral (PI) controller with the current reference provided by means of the Kriging method.
However, the optimization problem was solved using a genetic algorithm, which is a time-consuming
method. In [3], the authors applied an adaptive control of vehicle speed. However, they assumed a low
order lumped-parameter model of the plant. In [4], the authors applied a sliding mode control to design
a speed control that is robust for changing road conditions, but again, they used a simplified approximated
model as proposed in [1]. In turn, a torque tracking control by means of a sliding model was proposed
in [5]. The author applied a simple static polynomial-based torque model, which leads directly to excessive
sensitivity on the changes of the operating point of the control system during the implementation of
this technique.

All reported papers used the simplified models of the magnetic brake and described closed-loop
control schemes. The main problem that arises in the case of nonlinear control system design is derivation
of the exact model of the plant considered. From a physical point of view, the magnetic brake is
a distributed-parameter system, requiring sophisticated mathematical modeling that takes into account its
spatiotemporal dynamics. This makes the accurate modeling numerically difficult and time-consuming,
which constitutes one of crucial design difficulties.

In addition to this, there is a significant lack of contributions discussed in the context of fault-tolerant
control. In fact, there are just a few papers covering this issue in the context of breaking control for
electromagnetic systems. An adaptive fault-tolerant control based on a Takagi-Sugeno fuzzy model and
observer design is reported in [6], but it consists of sequential recalibration of Kalman filters, reverting
this approach to the linear approximation of the system. Another approach to achieve fault-tolerant brake
control utilized the brake-by-wire strategy [7]. However, it was strongly dependent on preset recovery
strategies. Additionally, it focused on the nonlinear effects of contact force control and did not take into
account the specificity of the electromagnetic brakes, limiting its applicability in this area. In [8], the braking
controller was constructed for vehicles with regenerative in-wheel electromagnetic brakes using sliding
mode control and a fault-tolerant control architecture included as an adaptive scheme. However, in this
case, the main stress was put on the vehicle dynamics and again the linear model of braking torque was
applied. On the one hand, all of the approaches mentioned above allow to avoid significant perturbations
in the control and provide satisfactory results in some particular situations; on the other hand, they do
not take into account the effects of the complex dynamics of brakes, neglecting the nonlinearity that may
introduce an additional level of uncertainty and significantly affect the reliability of fault detection. To fill
this gap, this work focuses on an alternative control strategy driven by measurement data and developed on
the basis of an iterative learning controller enhanced with statistical hypothesis testing for fault detection.

If an accurate mathematical model of the system is not available, the reasonable alternative is to
design the model using input-output data recorded in the real plant during replications of the control
task. In this context, iterative learning control (ILC) is a suitable technique to achieve ideal tracking of
the given reference profile [9]. The learning controller calculates the current control signal based on the
archive control data available from previous experiments. Most often, a learning controller has a fixed
structure along the trial domain. However, in practice, a controller should be robust to disturbances and
the faults within the infrastructure of the plant [10]. Therefore, a learning controller design should include
the above circumstances into the analysis. In this paper, a neural network-based iterative learning control
scheme is proposed, which is capable of adapting its own behavior to the changing working conditions of
the plant (related to potential sensor faults) through a data-driven training process. In the background of

170



Sensors 2020, 20, 4598

ILC, the additional advantage is that the squared tracking error norm stands for the convenient statistic for
the fault detection task. It makes it possible to use classical parametric hypothesis testing on the abnormal
state of the system, leading to a simple yet efficient thresholding rule for sensor fault detection.

Due to technological developments, modern industrial plants are more and more complex and are
composed of an ever-growing number of interacting devices, including a huge number of measuring
devices. That is the reason that industrial plants are becoming very vulnerable to any deviation from
the so-called normal operating conditions caused by unpermitted deviations of plant characteristics or
unexpected changes of system variables. Such a deviation is called a fault. Early detection of faults
can provide a way to avoid a shut-down or even a failure of the system. More importantly, a proper
fault accommodation is strongly related to avoiding the large financial losses and serious injuries or
even death of personnel. On this basis, fault-tolerant control (FTC) has come into prominence and has
received increased attention in the last decade [11-15]. The FTC approaches can be be split into passive
and active ones. Passive FTC uses a priori knowledge about anticipated faults that can affect the system.
In turn, active FTC methods use the information acquired from a fault diagnosis subsystem in order to
accommodate a fault. An important class of fault tolerant systems is sensor FTC. The simple and intuitive
way is to introduce hardware redundancy, which, however, complicates the construction of the system and
increases maintenance costs. A more flexible solution is to use the idea of a virtual sensor [16-18]. The idea
is to exclude the measurements given by the faulty sensor and replace them with data provided by the
virtual sensor. The virtual sensor requires a fairly accurate plant model. In this paper, we propose to apply
a mixture of neural network models, which renders it possible to effectively accommodate a sensor fault.
This strategy is called a fault hiding approach [19], which renders it possible to apply the same controller
to both faulty and fault-free cases.

The contributions of the paper can be stated as follows.

1. Proposing a sensor active FTC system for magnetic brakes based on iterative learning control.
Developing a model of a magnetic brake by means of the mixture of state-space neural network
models and gain scheduling.

3. Performing fault accommodation analysis for various types of sensor faults.

The paper is organized as follows. In Section 2 the magnetic brake system is described. In Section 3
the control scheme using iterative learning control is provided and the control performance for normal
operating conditions is also discussed. Section 4 is devoted to the modeling issues. State-space neural
networks are employed to model the plant at different operating points and the overall model of the plant
is achieved by means of gain scheduling in the form of a mixture of models. Section 5 introduces the idea
of sensor active FTC, including fault detection and accommodation and FTC in case of different sensor
faults. The last section summarizes the paper.

2. Magnetic Brake

A magnet brake, in simple terms, consists of a disk of conductive material and a magnet generating
a magnetic field in which the disk is rotating. The simplest form of the device is depicted in Figure 1
(left panel).
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(a) (b)

()

Figure 1. (a) Schematic view of a magnetic brake and (b) upper view with eddy currents field.

When a conductor moves in a magnetic field, it induces eddy currents, cf. Figure 1 (right panel),
which interact with the magnetic flux to produce Lorentz forces resulting in a braking torque slowing
down the disk. Let D € R? denote a spatial domain representing the disk. Then, the evolution of the
rotational velocity w of the disk over the time interval (0, ) can be described by the following initial
value problem:
dw(t)
Sdr
where ] is a disk moment of inertia and By (t) is the magnetic flux of the external magnet (or electromagnet).
M is a total torque affecting the disk:

] = M(Bo(t),w(t)), w(0) = wp, O]

M= /D T,(B(x,t), By(t), w(t)) dV, o

where B(x, t) is the spatiotemporal field of internal magnetic flux inside the disk, dV is a volume element
of the spatial domain and T denotes a Lorentz force on the volume element related to the spatial location x.

It becomes clear that the eddy current brakes are nonlinear systems with responses depending on the
spatiotemporal dynamics of changes in magnetic flux ([20], Chapter 9). It is strongly dependent on the
shape of the domain D as well as the form of the external magnetic flux generated by the magnet. Hence,
the modeling with typical methods for distributed-parameter systems, such as finite or boundary element
methods, are not only challenging but also difficult to apply in practical control design, as any change to
the spatial distribution of external magnetic fields (e.g., reallocating the magnets or changing the boundary
conditions) requires a total rebuilding of the model.

In fact, the accurate estimation of the braking torque is one of the key challenging problems for both the
design of control systems and fault detection and its compensation. Furthermore, the modeling uncertainty
has to be taken into account, as it is an important factor in applications to real-world engineering systems.
Fortunately, Equation (2) defining the torque integrated over the spatial domain of the disk can be
approximated up to a satisfactory accuracy based on the measurement data. Here, we make use of the
well-known ensemble averaging properties of neural networks. They not only provide an important
alternative for accurate modeling of the nonlinear torque, but also deliver necessary robustness with
respect to disturbances as they can generalize the system response. Additionally, in order to introduce
these uncertainties into control synthesis, the iterative learning control is applied, being considered a
well-known robust control design technique. This is especially valid in the efficient control design, which
will be discussed in the following section.

For the purpose of the simulation study considered in this work, we used an aluminum disk with a
radius of 10 cm and a thickness of d = 1 mm. The disk is moving in the external magnetic field generated
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by an electromagnet with a maximum flux of 0.1 T. This represents a typical configuration encountered in
analog energy meters.

The control objective is to produce the input signal of magnetic flux By(t) leading to the desired
profile of output angular velocity w(t) with the initial value of 200 rpm. As the control algorithm, the
iterative learning control portrayed in detail in Section 3 was used. The exemplary spatial distribution of
the magnetic flux inside the disk and the normalized reference profile are presented in Figure 2.

(a) (b)
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o
>
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Figure 2. (a) Magnetic flux density B for w = 200 rpm and By = 0.1 T, and (b) required reference profile.

3. Iterative Learning Control

Because of the sequential regime of the process of gathering the measurement data as a basic control
scheme for the magnetic brake, a nonlinear iterative learning was employed. The choice of the ILC is
justified not only by the repetitive character of the process, but is also dictated by its robustness to model
inaccuracies and repetitive disturbances [9,21] via proper compensation with the use of the measurement
data. This makes it especially useful, especially in combination with neural networks providing proven
convergence for the considered class of systems [15].

Taking into account the fundamental property of the magnetic brake, namely the strictly energy
dissipative character of the system (one cannot force the overshoot upwards), and in order to keep the
complexity of the controller at a relatively low level, open-loop ILC was chosen so as to achieve the
assumed control performance. Even though it is clear that the feedback control may improve the average
performance, this may come at the cost of higher sensitivity to online disturbances.

Because of the specificity of the controller learning process and neural modeling, it can be useful to
further discuss the discrete-time domain. Thus, the general idea of the applied nonlinear ILC is represented
by the scheme depicted in Figure 3. The learning controller has the following form:

BP(k) = f(Bpfl(k)fepfl(k)) 3

where f(-, ) is a nonlinear function representing the dynamics of the controller, p stands for the iteration
(trial) number, k is a time instant, e, (k) = wy(k) — wp(k) is the tracking error and wy(k) is the reference
signal. The system (3) constitutes the so-called P-type first-order learning controller [9]. Various choices
exists for effective realization of f(-,-). One of the possible solutions is to apply a feedforward neural
network. The essential element of the learning algorithm is the necessity of estimating the output
sensitivities of the magnetic brake with respect to the control signal. This is achieved using a model
of the system as reported in previous works by the current authors [15,22,23]. The important feature
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of such a solution is the possibility to adapt its structure to the changing operation conditions of the
control system. Due to the availability of representative measurement data, such an approach seems
to be especially attractive here. As the details of the training procedure for the controller are beyond
the scope of this paper, the interested reader can be referred to [15,22,23]. Although the physics of
magnetic brakes can be discussed in terms of distributed parameter systems, such a class of systems can

be accurately approximated with non-parametric models, such as a nonlinear state-space innovation form
model (NSSIF):

xp(k+1) = g(xp(k), Bp(k), ep(k)),

oy (K) = Cy (), @

where x,(k), By(k) and @p(k) are the state-space, input, and predicted output vectors, respectively,
ep(k) = wy(k) — @y is the prediction error and C is the output (observation) matrix.

" (k)
By(k) > magnetic wy (k) -
Y brake —
ep(k)
memory
Y
epfl(k)

oty [ _memory |
controller
Figure 3. Iterative learning control scheme.

Figure 4 shows the control results relating to the tracking of the reference presented in Figure 2.
Figure 4a illustrates the convergence of the tracking error norm for two cases: the untrained learning
controller (red dashed line) and the preliminary trained controller (blue solid line). If we start with
the randomly selected initial controller weights, the learning algorithm needs some time to adapt the
parameters in order to follow the reference closely. Such an experiment is performed at the very beginning.
After that we can use the preliminary trained neural controller, which is able to adapt to the current
working conditions of the plant very quickly (blue-solid line). Figure 4b presents the quality of tracking of
the reference, where the output of the the plant is marked with the red solid line while the reference is
marked with the blue dashed line. Evidently, the applied ILC functions well and the plant output follows
the reference closely.

The model (4) is in fact the state observer and works satisfactorily. However, in this paper we
consider a fault-tolerant control design that relies on fault diagnosis. For the purposes of model-based fault
diagnosis, a model of the system should be independent of the measured process variables. Unfortunately,
the model (4) is dependent on the output of the system and thus cannot be used for fault detection and
there a need for developing another model. This matter is taken up in the next section.
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Figure 4. Control of the magnetic brake: (a) convergence of the tracking error norm and (b) tracking of
the reference.

4. Model Design

As the NSSIF model cannot be used for fault diagnosis, our first attempt was aimed at the application
of a state-space neural network represented by (4) assuming that the prediction error €, (k) = 0. However,
due to the complex characteristics of the magnetic brake portrayed in Section 2, just one state-space model
is insufficient to accurately follow the dynamics of the system at different operating points.

Therefore, in order to overcome this impediment, a reasonable idea is to express the dynamics of the
system as a mixture of multiple models, where each of them describes the system around an operating
point. The idea is reminiscent of the so-called ensemble averaging from machine learning theory and
is closely related to the gain scheduling approach to nonlinear control. Although the NSSIF is known
to possess the universal approximation property [15], the proper generalization of the system response
is often achieved at the cost of the bias. The mixture of models, if properly adopted, can reduce the
distribution of the model output still keeping a bias on the low level. As a result, we are able to determine
a good trade-off between uncertainty modeling and robustness with respect to disturbances. However,
to achieve this balance we have to properly combine the components of the approach, which will be
discussed in the following sections.

First, if not leading to ambiguity, the trial index p is omitted for the clarity of the presentation. Then
the overall model is represented as follows:

n
@(k) =) @i(k)pi(p) ®)
i=1
with
n
Yomilp) =1, (6)
i=1
where yi; are scaling functions, @;(k) represents estimates of the system output at the i-th operating point,
n is the number of operating points considered and p stands for the parameter embodying dependence
of the combination of local models on the operating point that can be represented by input, state, etc.

The formulation (5) is known as a nonlinear gain scheduling [24]. It can also be considered as an ensemble
of models used for regression [25]. The functions y; can be perceived as a membership functions and then
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(5) looks similar to the Takagi-Sugeno representation. The crucial parts of the modeling are: (i) a proper
designing of local models and (ii) proper choice of the membership functions. The first problem can be
readily solved using the state-space neural network of the form:

xi(k+1) = hi(x;(k), B(k)),

. @)
@i(k) = Cixi(k),
where the function /; (-, -) describing the i-th neural model is represented by:
xi(k+ 1) = Wi, 05, (Wi xi (k) + W[ B(k)) 8)

where 0y, () is the nonlinear activation function of the hidden layer, W;,, and W, and Wil; are the i-th neural
model weight matrices subject to training. Each neural network (7) is trained using data recorded during
control of the magnetic brake at the specific operating point.

The latter problem can be effectively solved by means of Gaussian membership functions properly
distributed on the domain p. In this paper, p is selected to be the operating point depending on the initial
control value By. This choice is motivated by the fact that the behavior of the magnetic brake strictly
depends on the initial conditions. One of them is an initial control value. Then:

_ (IB|-By?

pi(Bo) =e 22 ©)

where B; is the i-th operating point and ¢ is the spread of the Gaussian function. In (9) the absolute value
of ug is used because for the magnetic brake the total torque defined by (2) is invariant to the exchange of
magnetic poles; thus we can restrict the considerations to nonnegative values of the magnetic flux only.
Consequently, it was possible to reduce the number of operating points and then the number of local
models required to develop the overall model (5). In the present work, it is assumed that each membership
function has the same spread and they are uniformly distributed, cf. Figure 5. In this way, the condition (6)
is always satisfied.

Throughout the empirical analysis of the magnetic brake system the effective range of the magnetic
field varied from 0.003 to 0.095. After performing a series of preliminary experiments we decided to set
the number of operating points to seven. The distribution of Gaussian membership functions is depicted
in Figure 5.

Membership s,

0.05 0.08
Operating point

Figure 5. Distribution of the membership functions.
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In order to satisfy condition (6), the spread of the functions was set to ¢ = 0.006512. The set of
operating points was {0.003,0.0183,0.0337,0.049, 0.0634,0.0797,0.095}. Data for model training were
recorded during the normal work of the magnetic brake control system. For each operating point,
one model represented by (7) was designed. The number of hidden neurons v as well as the order of the
network 7, were selected experimentally through trial and error. The final configuration of the models
is presented in Table 1. A very important observation is that each local model has a relatively simple
structure including a lower number of hidden neurons (only five) and model order (the second or third).

Table 1. Models configuration.

Model no. n,
1

Oh

hyperbolic tangent
hyperbolic tangent
hyperbolic tangent
hyperbolic tangent
hyperbolic tangent
hyperbolic tangent
hyperbolic tangent

N Ul N
W W WwwNN
[S1006, BN, RIS, BNG, BRGNS, N IS |

For illustration, let us analyze the modeling results presented in Figure 6.

In the case considered, the initial control was p = —0.0423. Then, four membership functions were
activated with the following membership values: pp = 0.0011, p3 = 0.4179, pu4 = 0.5892 and y5 = 0.0053.
This means that the estimated system output was calculated using four models. The third and fourth
models had the most significant impact. The first, sixth and seventh models were not used here. Figure 6a
shows the control signal. In turn, Figure 6b presents the output of the system (solid blue line) and the
overall estimated output (solid black line) along with the outputs of all local models used to develop
the overall model. Clearly, the proposed modeling design works pretty well. The sum of squared errors
between the output of the system and its estimation is 0.0984. The model was tested on 100 sequences
with different initial control conditions and the mean value of the sum of squared errors was 0.1681.

(a) (b)
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Figure 6. Modeling example: (a) Control signal and (b) output of models.
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5. Sensor Fault-Tolerant Control

5.1. Fault Detection and Accommodation

Sensor fault detection is carried out on the ground of a residual signal. The residual is derived as

a difference between the measurably available output of the system w(k) and the output of the overall
system model @ (k):

r(k) = w(k) — @(k). (10)

Using (10) the diagnostic signal in the form of the squared norm is proposed:
d(r) = |7 (0|17, (an
where 7 is the length of samples in r and
(k) = (r(k) — pr) /oy 12)

with i, and 0, denoting the expected value and the standard deviation of the residual signal, respectively.

From a statistical point of view, this constitutes a sufficient statistic preserving information about the
state of the system. In fact, assuming that the measurement noise is a zero-mean Gaussian white process
and according to the form of membership functions given by (9), the diagnostic signal (11) is a random
variable distributed according to the x? distribution with 1 degrees of freedom. In consequence, it is
possible to use the diagnostic signal to construct a statistical parametric test to verify the null hypothesis
about the excessive discrepancy of the norm from its nominal value. Thus, a decision about faults can be
made. A very simple decision rule can be proposed, i.e., to compare the diagnostic signal d(r) with the
suitably selected threshold T:

(13)
1 otherwise.

() = {o ifd(r)<T,

In the ideal conditions (absence of measurement and modeling uncertainty) the threshold is zero in
the fault-free case and different from zero in the case of a fault. However, due to the modeling uncertainty,
disturbances and the measurement noise, it is required to assign a threshold larger than zero to avoid
excessive numbers of false alarms. In order to determine the threshold, let us introduce a significance
level a that corresponds to the fixed a priori probability of a false alarm. Then the threshold T can be
determined as some critical value being approximately equal to the (1 — &) - 100% percentile from the
cumulative x? distribution. When 1 is large, the random variable

d(r) = (d(r) —n)/2n (14)

weakly converges to a standard normal distribution, so in practice, the determination of the threshold is
even easier, as it is a solution to the equation

a = prob(d(r) > T), (15)

which can be efficiently found from the tabulated values of the cumulative distribution function of A/(0,1).

To make the threshold T applicable, it is required to determine the statistics y, and o; of the residual
signal. These can be derived by analysis of the residual signal derived in the normal (fault-free or healthy)
operating conditions of the magnetic brake, as portrayed in Section 3. The important index assessing the
fault diagnosis quality is the time of fault detection. In this paper we deal with a dynamic system that is
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used in a repetitive manner. Then, we propose to introduce a similar quantity to the time of fault detection
called the trial of fault detection p,. Clearly, the trial of fault detection is the trial number at which the
diagnostic signal (11) permanently exceeds the predefined threshold (15).

After detecting a sensor fault, it is time for reconstructing the value measured by the faulty sensor.
To this end, the overall model of a magnetic brake is used. Since the fault is detected, the output of this
model replaces the value measured by the faulty sensor. However, the perfectly fitted model of the system
does not exist. Then, it is necessary to estimate the modeling uncertainty somehow. Here, we decided
to apply a very simple strategy that is easy to implement, in which the modeling uncertainty becomes
constant from trail to trail during the fault occurrence and is estimated as:

Aw(k) = wp, (k) — @p, (k) (16)
Finally, the reconstructed value of the system output can be derived as:
wr(k) = @& (k) + Aw(k) (17)

5.2. Fault-Tolerant Control

In this paper, both the abrupt and incipient sensor faults are investigated. The abrupt fault is simply
a sudden change of variables describing a sensor. When a fault occurs the value of a parameter jumps
to a new constant value. In turn, the incipient fault gradually develops to a larger and larger value.
The strength f; of the incipient fault can be modeled as follows:
fult) = Loy (18)
tena — 1t from
where tf,,, is the fault start up time, f,,4 is the fault end time and val is the fault strength at t,,4.
For the system working repetitively, this means that an incipient fault can develop through a number of
subsequent trials. The faults can also be split into multiplicative and additive ones. The multiplicative
fault is simulated as:

wm(t) = w(t)(1+ f5(1)), 19)

where w(t) is the real value of the process variable, wy, (t) is the measured value and f; is the fault intensity.
The additive fault is simulated adding some bias to the angular velocity sensor as follows:

w(t) = w(t) + fs(t). (20)
In the case study the following faulty scenarios were investigated:

e scenario fi—abrupt fault, multiplicative type, fault intensity: f;(t) = 0.05;

e scenario f,—abrupt fault, additive type, fault intensity: fs(t) = +0.05;

e scenario fs—abrupt fault, additive type, fault intensity: f;(t) = —0.05;

®  scenario fy—incipient fault (18), additive type (20), final fault intensity: val = 0.05;

®  scenario fs—incipient fault (18), multiplicative type (19), final fault intensity: val = 0.05.

Each abrupt fault was simulated at the 11th trial and lasted for the following 20 trials. Figure 7
shows the behavior of the control system without fault tolerant abilities. In Figure 7a one can see the
control performance of the healthy system. ILC drives the system to follow the reference closely with the
tracking error norm below 0.2. Figure 7b displays the results in the case of scenario f;. Clearly, the abrupt
multiplicative fault with the intensity f;(t) = 0.05 significantly deteriorated the control performance.
During the fault occurrence the tracking error norm increased to the level of more than 0.3. Even worse
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results were observed for the additive faults either with the positive or negative bias (Figure 7c,d). Clearly,
any bias in the angular velocity sensor significantly brought down the control quality. The incipient
faults were simulated at the 30th time instant of the 11th trial and lasted for the next 2000 time instants.
This means that the incipient fault develops during the next seven trials. Figure 7e and Figure 7f show the
control performance in case of the incipient scenarios f; and fs, respectively. In general, additive faults
had the stronger impact on the control performance relative to multiplicative ones. All presented scenarios
clearly show that there is a need for applying a control system that renders it possible to accommodate
faults and maintain the acceptable control performance in case of faults.
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Figure 7. Control of the magnetic brake: (a) normal functioning, (b) scenario fi, (c) scenario f,, (d) scenario
f3, (e) scenario fy and (f) scenario fs.

Abrupt faults. As mentioned earlier, each abrupt scenario was simulated at the 11th trial and lasted for
20 trials. Fault detection was carried out by means of the constant threshold (15). Then, the performance of
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the control system should first be evaluated during normal operation conditions. The control was carried
out for the 100 trials, for each trial calculating the value of the diagnostic signal. After that the mean value
as well as standard deviation were calculated to be:

pr = —0.0226, 0, = 0.0344.

For the significance level @ = 0.05 the value of the threshold was T = 1.644.

In Figure 8a one can see the diagnostic signal (solid blue line) with the threshold marked with the
dashed red line for the fault scenario f;. Clearly, the fault is reliably detected with the trial detection index
pq equal to 1. Due to the fact that ILC works offline, i.e., the control signal is derived based on data recorded
during the previous trial, the fault accommodation can be immediately launched. The fault-tolerant control
results are presented in Figure 8b. The fault was completely accommodated and the tracking error norm
remained on the acceptable level. Additionally, the neural model had the property of data filtering.
During training, the model weights are derived in such a way as to make it possible for the model to
approximate any nonlinear mapping. That is the reason for the flat region observed in the tracking error
norm course between the 11th and 30th trial.
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Figure 8. Fault-tolerant control—scenario fi: (a) diagnostic signal (solid blue line) and the threshold
(dashed red line), (b) control results.

Figure 9 shows the results for the faulty scenario f,. The changes observed in the diagnostic signal
(Figure 9a) were not as large as in the case of the multiplicative fault; however, this fault was also quickly
detected with p; = 1, which renders possible the fast reconstruction of the signal measured by the faulty
sensor while keeping high quality control of the magnetic brake.

The last abrupt scenario was the additive fault with negative fault intensity (Figure 10). Contrary to
the previously analyzed scenarios, this time the fault effect was distinctly visible in the diagnostic signal
course (see Figure 10a). As with the previous abrupt scenarios the fault accommodation was immediately
launched. The fault was detected within one trial. The fault-tolerant control was satisfactory, as presented
in Figure 10b.
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Figure 9. Fault-tolerant control—scenario f>: (a) diagnostic signal (solid blue line) and the threshold
(dashed red line), (b) control results.
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Figure 10. Fault-tolerant control—scenario f3: (a) diagnostic signal (solid blue line) and the threshold
(dashed red line), (b) control results.

Incipient faults. The incipient faults were introduced at the 11th trial. The fault startup time was set to
the 30th time instant and the fault end time was the 2030th time instant. The full strength of incipient
faults was achieved at the 17th trial. The threshold level used was the same as in case of abrupt faults.

Figure 11 presents the results achieved for the additive scenario f;. As the fault developed slowly
its detection took some time. In Figure 11a one can see that the diagnostic signal started to increase
when the fault affected the velocity sensor. The diagnostic signal crossed the threshold at the 12th trial.
This time fault accommodation launched one trial later than in the case of the abrupt faults. Nonetheless,
the fault-tolerant control worked with a quality similar to the normal operating conditions. As a matter
of fact, a slight increase of the tracking error norm was observable, but this change was not significant,
contrary to the control scheme without FTC (compare with Figure 7e).
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Figure 11. Fault-tolerant control—scenario fy: (a) diagnostic signal (solid blue line), (b) control results.

The last investigated scenario was the incipient multiplicative sensor fault. The obtained results
are shown in Figure 12. It is clear that the evolution of the diagnostic signal was quite similar to that
observed for the incipient additive fault f;. The fault was accommodated at the 12th trial (Figure 12a).
In means that the trail of fault detection was equal to 2. Despite the one trail delay of the reconstruction
of the signal measured by the velocity sensor, the fault did not affect the quality of the control at all
(see Figure 12b). This phenomenon can be easily explained by analyzing the evolution of the incipient
multiplicative fault. From (18) we know that after one trial the fault intensity growed up to the value of
0.0073. For the multiplicative fault this means that the value measured by the velocity sensor increased by
~ 0.007%. Such a fault intensity is not meaningful to the work of the control system.

(@ (b)
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L - - - - threshold
é 10 08
= £
E s
+ 508
= 5]
g 2
5 £ 04
S £
8 02
2.
g
5
- 0 -
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Figure 12. Fault-tolerant control—scenario f5: (a) residual, (b) control results.

The main objective of the FTC system is to maintain the current performance of the system as close
as possible to the desirable one in the presence of faults. Then, the main performance index pointing
out the quality of the proposed FTC system is the value of the tracking error. All reported experimental
results clearly show that sensor faults were detected fast enough to assure high quality reference tracking.
As shown in Figures 8b, 9b, 10b, 11b and 12b, the tracking error norm in case of a fault was kept on the
level observed for the nominal operation conditions (see Figure 7a).

Fault size influence. To verify the performance as well as the sensitivity of the proposed FTC scheme
the influence of the fault size on the control system performance was investigated. Key results are
shown in Table 2. The abrupt/additive fault with a size smaller than 0.01 stayed undetected. For the
abrupt/multiplicative fault slight problems were observed for the fault size val = 0.01. In this case it
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was observed that for several trials the value of the diagnostic signal was below the threshold. However,
the fault was marked as detected because during a predominant number of trials the diagnostic signal
crossed the threshold. However, for a fault size equal to 0.008 serious problems were already observed as
the diagnostic signal oscillated around the threshold and the fault was not detected anymore. For a fault
size smaller than 0.006, the diagnostic signal remained below the threshold, indicating that the fault
was undetected. In the case of an incipient fault, the smaller was the fault size, the longer was the fault
detection time, which is expected behavior. For a fault size smaller than 0.007, the fault was not detectable.
Generally speaking, the portrayed results clearly show that faults with an intensity of less than 0.01 were
not detected by the proposed fault diagnosis procedure. Thus, the crucial question arises of what is the
quality of the control when a fault occurred in a sensor and it was not detected. The simple verification
is to compare the tracking error norm in the case of control with the presence of undetected fault with
control at the nominal operating conditions. For example, for an incipient fault with a size equal to 0.007,
the tracking error norm took the values from the interval [0.1666,0.1783]. Similar values were observed for
the control at nominal operating conditions (see Figure 7a). Clearly, for the fault-free case, the tracking
error norm converged to the level of the norm of disturbances acting on the magnetic brake. Then, a fault
with an intensity of less than 0.01 influenced the system similarly to the external disturbance and had no
adverse impact on the control system performance.

Table 2. Influence of the fault size on the fault diagnosis performance.

Scenario Type Size Val Py Remarks

f1 abrupt/multiplicative 0.01 1 At some trials the diagnostic signal was below
the threshold

f1 abrupt/multiplicative 0.008 undetected  Oscillations around threshold

f1 abrupt/multiplicative 0.006 undetected The diagnostic signal was permanently below
the threshold

f3 abrupt/additive 0.01 undetected  The diagnostic signal was permanently below
the threshold

f5 incipient/additive 0.02 5 —

f5 incipient/additive 0.01 6 —

f5 incipient/additive 0.007 undetected  The diagnostic signal was permanently below
the threshold

6. Concluding Remarks

The proposed method of sensor fault-tolerant control was found to be very efficient in the case of the
class of nonlinear systems represented by the example of a magnetic brake. The advantage of the iterative
control scheme is that the approach offers great flexibility to reduce the modeling and process uncertainty of
nonlinear control design using the observational data available from previous trials. Despite its somewhat
complex mathematical foundations, the resulting fault detection scheme is very easy to implement in
practical conditions.

There is still space for further improvements, for example, to incorporate a feedback controller so as
to increase the control performance with respect to online disturbances. More precisely, the offline ILC
is not suitable for accurate compensation of random disturbances. In addition, the identification within
a feedback loop is more difficult. As for a potential solution, the approach reported in [23] developed in the
context of a similar class of nonlinear systems and feedback control can be extended to the online procedure.

Another potential future research direction that is very important in the context of neural modeling is
the proper choice of representative observational data. A successful application of experimental design
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theory to solve this problem was developed in [22,26,27] but not in the context of FTC. The efficient
adaptation of this approach establishes an open problem, which requires further investigation.

Yet another problem is an extension towards robust solutions with additional constraints imposed on
the control design, e.g., related to the actuator faults or uncertainties in the material parameters. This can
be solved within the framework of the proposed ILC scheme via exploration of dedicated structures of
neural controllers.
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Abstract: The paper is devoted to the problem of estimating simultaneously states, as well as actuator
and sensor faults for Takagi-Sugeno systems. The proposed scheme is intended to cope with multiple
sensor and actuator faults. To achieve such a goal, the original Takagi-Sugeno system is transformed
into a descriptor one containing all state and fault variables within an extended state vector. Moreover,
to facilitate the overall design procedure an auxiliary fault vector is introduced. In comparison to
the approaches proposed in the literature, a usual restrictive assumption concerning fixed fault
rate of change is removed. Finally, the robust convergence of the whole observer is guaranteed
by the so-called quadratic boundedness approach which assumes that process and measurement
uncertainties are unknown but bounded within an ellipsoid. The last part of the paper portrays an
exemplary application concerning a nonlinear twin-rotor system.

Keywords: fault detection and diagnosis; faults estimation; actuator and sensor fault; observer
design; Takagi-Sugeno fuzzy systems

1. Introduction

Nowadays, owing to the interest in highly efficient systems, industrial companies permanently
extend the number of sensors and actuators being used. Indeed, with the advent of IoT the number
of components is systematically proliferating. This is mainly due to the fact of their relative low cost
and wide accessibility. Irrespective of such an appealing effect, such a growth can increase the chance
that actuator and sensor faults appear simultaneously. Moreover, the probability of multiple actuator
and sensor faults is also increased. Thus, fault estimation is an important actor in modern Fault
Diagnosis (FD) [1-4]. Indeed, it may give a knowledge about the presence, location and size of the
fault. Such information is also a necessary ingredient of the active Fault-Tolerant Control (FTC) [5-8],
which can accommodate the fault using appropriate control-oriented recovery actions.

There is no doubt that the problem of fault estimation was approached from many different
angles. However, most of them focus on estimating either actuator or sensor faults. For a good
representative example of recent developments in the area of actuator fault estimation the reader is
referred to [9,10]. The case of sensor fault estimation can be realized similarly (cf. Pazera et al. [6] and
the references therein).

The number of observers for simultaneous actuator and sensor faults is proliferating as well.
However, most of them suffer due to the assumption of a limited fault rate, i.e., the fault derivative
(or difference in consecutive discrete samples) is assumed to be close to zero.

Among the existing fault estimation strategies, the crucial attention is focused on the ones based
on the sliding-mode observers [11,12], as well as the Kalman filter [13,14] and the related applications.
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Taking into account the above discussion, it is also natural that the problem of simultaneous
actuator and sensor fault estimation receives growing research attention [8,15-18]. However,
the researches are developed for linear systems while the number of strategies capable of handling
some classes of nonlinear systems is rather limited. Indeed, a recent state-of-the-art overview clearly
indicates the trends for handling multiple simultaneous actuator and sensor fault estimation for
nonlinear systems. Indeed, Gu et al. [19] converted an original Lipschitz system into a Linear
Parameter Varying (LPV) one by a suitable reformulation of the Lipschitz property. The resulting
design approach provides optimal fault estimates according to He, criterion within the frequency
domain. Another appealing strategy for Lipschitz class of systems was introduced in Abdollahi [20].
It transforms the system into two subsystems while each of them is affected by either a sensor or
an actuator fault, respectively. Finally, two separate Sliding Mode Observers (SMOs) are designed.
This scheme suffers from the fact that an asymptotically convergence is guaranteed without considering
any robustness to modelling uncertainities and/or external disturbances. A similar SMO was also
developed in Hmidi et al. [21] and the authors remove the above drawback by ensuring robustness to
bounded disturbances.

An important group of strategies convert the original nonlinear system into an equivalent
Takagi-Sugeno one. A representative example of such strategies is presented in Bounemeur et al. [22].
As a result, an adaptive fuzzy estimator is developed capable of handling numerous fault scenarios.
Unfortunately, it is devoted to deterministic systems neglecting uncertainty factors. Another strategy is
developed in Fu et al. [23] and tackles the systems with switching non-linearities. Unfortunately, it also
does not provide appropriate means for settling the robustness issue. Finally, in Shaker [24] a novel
multiple integral unknown input observer is developed that is capable of decoupling disturbances.
The final group of approaches are the ones for polynomial systems [25,26]. In this case, the design
methodology reduces to converting the system by augmenting the state vector with fault variables.
This strategy can also cope with process disturbances.

The unappealing feature of the existing approaches to simultaneous actuator and sensor fault
estimation is that they do not provide sufficient information about the estimation quality. To handle
this issue, two kind of approaches can be utilized: the first one uses post-fault measurements [27]
and the second predicts the fault based on its historical values and past measurements [28]. It should
be noted that the latter is the only scheme which can be applied in the active FTC. Unfortunately,
such schemes struggle with the problem of minimising the effect of fault prediction [9,28].

The scheme proposed in this paper can handle the above mentioned issues, which constitutes the
novelty of the proposed approach:

e the problem of one-step fault prediction and the related fault rate of change is removed by
transforming the system into the descriptor Takagi-Sugeno one whose state vector contains both
original states and the faults.

e the original system with the actuator fault with a time-varying distribution matrix is transformed
into an equivalent one with a constant distribution matrix and the so-called auxiliary fault vector.
This strategy naturally reduces the design conservatives.

e the effect of external disturbances is tackled with the so-called quadratic boundedness. As a result,
the estimation quality can be assessed by the so-called uncertainty intervals of both states and
faults. Thus, they can be perceived as possible worst cases of the unknown faults and states.

The paper is organised as follows. In Section 2, a simultaneous estimation of actuator and sensor
faults problem is described along with suitable feasibility assumptions. Furthermore, a suitable
convergence analysis is performed. Section 3 exhibits an illustrative example pertaining the twin-rotor
system. Finally, Section 4 concludes the paper.
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2. Observer Design

Let us start from the formulation of a Takagi-Sugeno (T-S) fuzzy system:

X1 = A (k) % + B (0p) uy + By (vg) f o + Wiwn

M . . . M
= Z hi (vr) [A‘xk + B'uy + Bfffa,k] + Wiwy g,
i=1
Y = Cx+ Crfy + Wowyg, 2
with

MY”
hi(vk) 2 0, Vi = 1,...,Mm, Zh,’(vk) = 1, (3)

i=1

where k stands for the discrete time and x, € X C R", uy € R’, y, € R"™ are state, input and
output vectors, respectively. Furthermore, f ok € Fa CR™and f_; € Fs C R™ signify the actuator
and sensor fault vectors, respectively, where 1, and 15 stand for the number of actuator and sensor
faults, respectively. Matrices A, B and C are the known state, input and output matrices, respectively,
while M, stands for the number of submodels. Thus, C f denotes the sensor fault distribution matrix,
where rank(Cy) = ns and rank(By(vy)) = n, satisfy the inequality 1, +ns < m. This means that
it is impossible to estimate more faults than there are measured outputs. Finally, W; and W, are
the distribution matrices of wy y and wj ;, which are exogenous disturbance vectors for the process
and measurement uncertainties, respectively. The activation functions /;(-) depend on the vector
of premise variables vy = {v%, v%, ., v]f } T, which is assumed to depend on measurable variables,
e.g., system outputs and known inputs [29]. However, an extension towards unmeasurable premise
variables is possible via direct applications of the solution proposed, e.g., in Ichalal et al. [30].

Finally, in the remaining part of the paper, the following notation is used X (vy) = M, I; (v;) X'
First, let us start with transforming the state Equation (1) into an equivalent form

M ) .
X1 = Y hi () [Alxk + Bluk} + By fop+ Wiwyy, )
=

with an auxiliary matrix By satisfying rank(Bf) = 1, and an auxiliary actuator fault vector f, ;.
Comparing Equation (1) and Equation (4), it can be observed that

By (vi) for = Bffor: ®)

Thus, having f,, the original fault vector can be determined with

for = (Bs(v0))"Bsf, (6)

where t stands for the pseudo inverse operator. Thus, the objective of further deliberations is to
propose a novel observer capable of providing x¢, f, ; and f, ; estimates simultaneously. It should be
also noted that the selection of B ¢ is not critical, i.e., it can be set as B ;= % Zf\ﬁl B}, which clearly
preserves rank(By) = 11,.

The proposed strategy starts with transforming Equation (4) and Equation (2) into an equivalent
descriptor form with the following state variable

w=[d o 15 )
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Using the above state vector Equation (7), the system Equation (4) and Equation (2) can be
rewritten as:

Exi 1 = A (v) % + B () . + Wiy, ®)
Yy = Cxp + Woty, ©)
with:
I, _Bf 0 A(Dk) 0 0 B(‘Uk)
E=(0 0 0|, A= 0 0 0|, B(wp)=| 0 |,
0 0 0 0 0 0 0
Wi 0 ;
W]: 0 0|, WzZ[U Wz], wk:[w{k sz,k] , C_:[C 0 Cf]
0 0

This means that both faults as well as the state of the system are incorporated into a super
state vector %;. Thus, for the purpose of the state estimation obeying Equation (8) and Equation (9),
the following observer is proposed:

Zkp1 = N (vp) 2 + M (vg) u + L (v) yy., (10)
fk =z + szk, (11)

where z; € R" ™77 ig the internal state of the estimator while &, € R stands for the estimate
of Equation (7).

It should be noted that the proposed approach eliminates the usual assumption concerning a
bounded rate of change of actuator and sensor fault, which increase the conservatives level of the
approaches proposed in the literature (see, e.g., Pazera et al. [28] and the references therein.)

Let us start with assuming that there exist matrices T1 and T, such that

TiE+T,C =1, (12)

or

[Tl Tz] g -1 (13)

which yields Equation (10) and Equation (11) design condition

rank ( [g} > =n+n, + ns. (14)

Under the above assumption, it is possible to derive the error of state estimation with Equation (11),i.e.,
ey =X — Xp = X — 2p — Ty, = (I — Tzé) % — zr — ToWoy, (15)
which, by using Equation (12), boils down to

e = T1EXy — zp — T2W2wk. (16)
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Thus, by substituting Equations (8)—(10), the dynamics of state estimation error obeys
i1 = T1E% 1 — zp1 — TaWotg 1 = T1A (vg) % + T1B (vp) g
+ T1Wyw, — N (vg) zx — M (v) up — L (vg) Cx— L (vg) Wy — Tszwk+1
= (TlA_ (vk) —L (‘Uk) C— (’Uk) TlE) X + (T]B (Z)k) -M ('Uk)) uy
+ N ('Uk) ex + (T1W1 — L (vk) Wz + N (‘Uk) Tsz) Wy — T2W21Dk+1.
From Equation (17), it is evident that the following relations should be satisfied:

TlA (Uk) —N (”Uk) T1E —L (”Uk) C= 0,
T]B (Z)k) -M (Uk) =0.

17)

(18)
(19)

Indeed, by satisfying Equation (18), the term related to % vanished from Equation (17). Similarly,
satisfying Equationv Equation (19) means that Equation (18) is no longer dependent on the system

input u;. Applying Equation (12) to Equation (18) gives
TlA_ (Uk) —N (Uk) (I - Tzé) —L (Uk) C =0,

or

N (Uk) = TlA (Uk) - (L (’Uk) —N (Uk) Tz) C.

Finally, by defining
K (v) = L (vx) = N (vg) T2,

equality Equation (21) boils down to
N (vi) = T1A (o) — K (vx) C,
which makes it possible to transform Equation (17) into

i1 = N (v) e + (T1Wq — L (v) Wa + N (v) ToW3) @y — ToWotpi4
= (T1A (v) — K (vx) C) e + Ti Wiy — K (v) Woww — N (vy) ToWoty
+ N (vg) ToWowy — ToWotv g = (T1A (v) — K (o) C) e
+ T1 Wi, — K (v) Wowy — ToWody 1.

Subsequently, by defining the following super-vector

- Wy
W = | _ p
Wi+1

equality Equation (24) can be rewritten into a simpler form
exr1 = X (vx) e + Z (vg) @y,
with:
X (v) = A(v) ~K (), Z(v) = W1 — K (vg) Wa,
where:

wl(vk):{lel —TZWZ], sz[wz 0], A(vp) = T1A (v).
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For the purpose of further convergence analysis, let us start with reminding the Finsler’s
Lemma [31]:

Lemma 1. The following expressions are equivalent:

1. #Q# <0, Ve {x¥eR™|¥#0,R¥=0}
2. 3M € RS guch that Q + MR + RTM" < 0.

Let us also define the Lyapunov function
Vi = e Pey, 27)
with P > 0. Furthermore, the estimation error Equation (26) can be rewritten in an alternative form
X (vg) ex + Z (vy) Wi — ex1 = 0, (28)
which implies that the following extended-vector can be defined
o=l @l o, (29)
and as a consequence the following statement can be formulated

€k
R (Uk) ‘(I)k =0. (30)
Ck+1

Thus, based on Equation (28), Equation (29) and Equation (30), it can be shown that
R (v) = [X (vx) Z(vg) —1], (31)

where
R () % =0, (32)

in order to satisfy Equation (28). The convergence of the proposed observer is to be determined with
the so-called Quadratic Boundedness (QB) approach [32]. This technique can be perceived as an
extension of the usual Lyapunov approach towards the systems with external bounded disturbances.
The usefulness of QB approach was proven in many papers while in Pazera et al. [28] it was proven
that the standard He framework can be perceived as a special case of QB. To use the QB approach,
it is necessary to assume that @y is bounded by the following ellipsoid:

By = {0 : @] Qb <1}, (33)
with Q,, = 0. Under such assumptions, the following definition can be recalled:

Definition 1. The system Equation (26) is strictly quadratically bounded for all Wy € Eq, k > 0, if Vi >
1 = Vi1 — Vi < Oforany @y € Eq.

As shown in Alessandri et al. [32] and Pazera et al. [28], the stability condition associated with
Vier — (1 —a) Vi — a@f Q,w; <0, (34)

with 0 < & < 1. Based on the above considerations, the following theorem is established:
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Theorem 1. The observer-based system Equation (26) is strictly quadratically bounded for all @y € E,, if there
exist matrices P = 0, U, N as well as « € (0,1) such that the following holds:

aP — P 0 AT (v uT — "N (vp)
0 —2Q, WiuT —WyNT (o) | <0, (35)
UA(Uk)—N(vk)C le—N(Dk)Wz P—U—UT
Proof. Using Equation (34) and setting
aP — P 0 0
Q= 0 —aQ, 0}, (36)
0 0 P
_ T
M= [oT o7 uT] . 37)
along with Lemma 1 leads to
aP — P 0 XT (o) u’
0 —aQ, ZT(vu’ | <o. (38)
UX (vy) UZ(v) P-U-UT
Setting
UX (vp) = U (A (vg) — K () C) = UA (vp) — N (v) C, (39)
uz (‘Uk) =Uu (W] —K (vk) Wz) = UW1 - N (‘Uk) Wz, (40)

into Equation (38) completes the proof. [

Irrespective of the incontestable appeal of the proposed solution Equation (35), its numerical
tractability is feasible only if it is transformed to the set of linear matrix inequalities under fixed a:

T -1 T
aP—P 0 A u’ - c'N'
0 —aQ, WiuT —win' | <0, i=1...,M (41)

uid'-N'c uw,-N'Ww, pP-u-u’
Finally, the design procedure boils down to:

Step 0: Determine T and T; by solving Equation (12).
Step 1: Seta, 0 < « < 1 and determine N' and U by solving Equation (41).
Step 2: Calculate:

K =u'N, (42)
N =T,A' - K'C, 43)
M =T,B, (44)
L'=K + N'T,. (45)

While the application procedure leads to:

Step 0: Substitute k = 0 and set the initial conditions zy.
Step 1: Calculate z;; and £, with Equations (10) and (11).
Step 2: Setk = k + 1 and go to Step 1.
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As demonstrated in Pazera et al. [28], the value of a has a direct influence of the convergence
rate of the underlying observer. On the other hand, matrix P shapes the ellipsoidal bound of the
estimation error:

el Pe < 0r, =1+ (1—a)f(1— el Pey), (46)

which can be directly used to determine the uncertainty intervals of the state variables [28]:

Rei—\/Qel Pl < Fip < i+ Qe P e (47)

where ¢! signifies ith column of an identity matrix of an appropriate dimension.

3. Case Study: Twin-Rotor System

The aim of this section is to validate the performance and correctness of the novel observer.
Accordingly, the proposed actuator and sensor fault estimation method has been implemented to the
Twin-Rotor System (TRS) [28], illustrated in Figure 1. Note that all equations and a detailed nonlinear
model of the TRS can be found in [28]. This model was further transformed into the Takagi-Sugeno
form using the dedicated methodology proposed in Rotondo et al. [33]. The matrices shaping the
model Equation (1) and Equation (2) are presented in the Appendix A.

| |
/ rl///
Figure 1. A nonlinear twin-rotor MIMO system.

The state vector of the system is given by

T
x=lws Qo 0 wn Qu 8, (48)

hence the input vector is described by

u= {uv uh]T, (49)

where w, and ), stand for the rotational and angular velocities of the main rotor while 6, signifies
the pitch angle of the beam. Furthermore, wy, and (), are the tail rotor rotational as well as angular
velocities whilst 0}, is the yaw angle of the beam. Finally, u, and u, stand for actuation due to the
main and tail DC motors, respectively. It should be noted that both inputs 1, and u), operate in range
(—1,1). Moreover, all details and parameters can be found in manufacturer’s user manual [34] and in
Pazera et al. [28].
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The following fault scenarios have been considered:

—0.1-u, 3000 <k < 6500
_ ) 50
f“’l'k { 0 otherwise, (50)
_ J01upy 4500 < k < 8000
f a2k { 0 otherwise, (1)
Yy, —25 5000 < k < 7000
s1k = 2
Fsak { 0 otherwise, (52)
_Jy+16 6000 < k < 9500
Fsok= { 0 otherwise. (53)
According to the approach proposed along with Equation (6):
49.4084-107° —66.2480-10°
14.3375-1073 —13.2367-1073
1 A 303.3781 0
B=— B. = 54
ST M =TT 69349106 3.6497-10°6 | 4

1.3860 - 1073 1.0854 - 1073
0 58.0016

which means that all actuators are considered as possibly faulty and their faults have to be estimated.
Whilst the sensor fault distribution matrix is obtained from matrix C (see Appendix A, Equation (A25))
by extracting the rows corresponding to the first and second sensor, respectively and it is given

as follows .
0 (1) O] . (55)

0 1
=10 0 o 0

It can be clearly viewed that within this scenario, both actuator and sensor faults are partially
at the same time. Moreover, the considered faults are constant biases, which are either positive or
negative. From Equations (50)—(53), it can be clearly viewed that actuator and sensor faults appear
partially at the same time. The considered actuator fault Equation (50) pertains a 10% performance
decrease of the first actuator, while Equation (51) concerns a 10% performance increase of the second
actuator. Moreover, the considered sensor faults Equation (52) and Equation (53) are represented
by either positive or negative constant biases equal to 1.6 or —2.5, respectively. Thus, they denote a
significant sensor readings inaccuracies. However, the distribution matrix of sensor fault denotes that
they influence the measurements of the angular velocity of the tail rotor (), as well as the angular
velocity of the main rotor (),. Firstly, let us present a comparison between nonlinear estimation
approach described in Pazera et al. [28] and the proposed Takagi-Sugeno scheme, which is shown in
Figure 2a,b. As it can be observed, the Takagi-Sugeno model-based approach follows the response of
the original nonlinear model-based one, and hence, it does not impair the quality of state and fault
estimates significantly.

Figure 3a,b illustrate the real actuator faults of the main f,; and tail f,, rotor with blue
dash-dotted lines along with their estimates given with red dashed lines. Additionally, the real
and estimated values are overbounded by uncertainty intervals which are indicated with black dashed
lines. Moreover, the real sensor faults f 51 and f 5 are presented in Figure 4a,b with blue dash-dotted
lines as well as their estimates depicted by red dashed lines along with the uncertainty intervals
indicated with black dashed lines. From these figures it is easily seen that the actuator and sensor
faults were estimated with a very good accuracy under the measurement uncertainties. Consequently,
the system states have been correctly reconstructed.
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Figure 2. Comparison between nonlinear and Takagi-Sugeno response of the system: angular velocity
of the main rotor (), (a) and angular velocity of the tail rotor (), (b).
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Figure 5a,b show the real rotational velocities of the main w, and tail wj, rotor with blue
dash-dotted lines. Their measured outputs are presented by light green solid lines along with their
estimates given with red dashed lines as well as the uncertainty intervals indicated with black dashed
lines. Moreover, Figure 6a,b present the angular velocities of the main (Q;, and of the tail (), rotor with
blue dash-dotted lines whilst their estimates are given with red dashed lines as well as the measured
outputs depicted by light green solid lines. Additionally, the uncertainty intervals are indicated with
black dashed lines. As can be observed in Figure 6a,b, irrespective of the intermittent fault (marked in
light green) the state estimates are very close to the original states. The rotational velocities of the main
and tail rotor and the pitch angle of the beam have been accurately estimated even if the actuator and
sensor faults occurred simultaneously. This fact is illustrated in Figure 7a,b and Figure 8, which show
the evolution of the state estimation error for the above variables. The figures clearly show that the
states are properly reconstructed under the actuator glitch along with positive and negative incorrect
readings of the sensor.

2500
4000 2960
2000t A /S, w0 IITTTC K
2000 = ====" 2576
1500 280
= = 0
=] =z
1000 A
=3 =3
3 s0ld 0% == 3-2000r k-~ fem----
measure L
e state mc;asum
0 — - estimate -4000 ~ Ti:mt .
— — threshold L ; - - - threshold
-500 -6000
0 2000 4000 6000 8000 10000 12000 0 2000 4000 6000 8000 10000 12000
Discrete time Discrete time
(a) (b)

Figure 5. State variables wy (a) and wy, (b).
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Figure 6. State variables (), (a) and Q, (b).
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Figure 7. Evolution of the state estimation error for the rotational velocities of the main rotor (a) and of
the tail rotor (b).
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Figure 8. Evolution of the state estimation error for the pitch angle of the beam.
4. Concluding Remarks

An important aspect of the paper was to develop an observer for the Takagi-Sugeno systems
which would be capable of estimating both state with both actuator and sensor. The first part of
the proposed strategy was developed in such a way that no adaptive observer is required to obtain
the sensor fault estimates. In other words, it is obtained directly by simply transforming an output
equation. The second part of the observer concerns the adaptive actuator fault estimation and the state
as well. In order to achieve robustness against process and measurement uncertainties and to ensure
the stability performance a Quadratic Boundedness strategy is employed. For the purpose of obtaining
the observer gain matrices, a set of LMIs is needed to be solved. The other part of the paper presents a
performance validation. It has been achieved by implementing the approach to a nonlinear Twin-Rotor
MIMO System. The obtained results plainly confirm that the desired properties of the observer have
been accomplished. The state has been estimated properly even in the case of both the actuator and
sensor fault case. While analysing an actuator fault, it can be concluded that its estimation error is
at a very low level in both cases: fault and fault-free as well. Furthermore, the obtained sensor fault
estimates quality strongly depends on the quality of the state estimation. The future work will be
devoted to applying such an approach to a fault-tolerant control scheme for a T-S fuzzy systems.
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