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Abstract

This work proposes two control feedback-feedforward algorithms, based on fuzzy logic in combination with neural networks,
aimed at reducing the tracking error and improving the actuation signal of piezoelectric actuators. These are frequently used devices
in a wide range of applications due to their high precision in micro- and nanopositioning combined with their mechanical stiffness.
Nevertheless, the hysteresis is one the main phenomenon that degrades the performance of these actuators in tracking operations.
The proposed control schemes were tested experimentally in a commercial piezoelectric actuator. They were implemented with a
dSPACE 1104 device, which was used for signal generation and acquisition purposes. The performance of the proposed control
schemes was compared to conventional structures based on proportional-integral-derivative and fuzzy logic in feedback config-
uration. Experimental results show the advantages of the proposed controllers, since they are capable of reducing the error to
significant magnitude orders.
© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

In the early 1970s, position devices with high-accuracy was constrained to research laboratories but the further
improvements in recent years for production and industrial demands provided tangible capabilities for applications [1].
Hence, here is where piezoelectric actuators (PEA) began their expansion in industry, due to their high-precision
combined with considerable mechanical stiffness [2]. These are able to produce a mechanical displacement from
an electrical excitation, also known as inverse piezoelectric effect [3]. Examples of applications where PEAs take
place are for instance in biological cell micro-manipulation which contemplates risky operations like injection where
strokes should be around 138 um [4,5]. Another biological topic is with spinal cord injection robots which have to
perforate a ventral horn with an available area of 1 mm? [6]. On another different field such as aerospace, PEAs can
be used as actuation systems for pneumatic or hydraulic pumps which also may require certain stifness [7]. Other
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related applications are based on optical focus mechanisms [8], active force generation for vibration absorption [9]
and machine tools [10].

Despite the advantages and applications, a piezoelectric material has three known phenomena that can alter its
behaviour due to the induced non-linearities. Because a PEA has certain dynamics which correspond to a mass-
spring-damper system, undesirable vibrations may happen in a particular operating range (commonly at high input
frequencies) [11]. Creep is a dynamical long-term effect that commonly occurs with constant references where the
displacement drifts upwards or downwards [12]; this phenomenon, which produces errors that can reach up to 5.5%,
is generated as a consequence of a residual polarization which tends to increase (or decrease) in time [13]. Finally,
hysteresis reduces the tracking performance, as it can induce errors of around 17% [14].

Hysteresis reduction can be handled from two diverse perspectives: tracking control design or material re-
engineering [15]. In regards to the latter mentioned option, according to Park and Shrout, [16] there is a property
related to the performance called piezoelectric coefficient (also known as d33) which determines the degree of induced
strain at a particular electrical field. Thus, a piezoelectric material will display a lower hysteresis but at the expense of
decreasing d33, which implies that the material will have less stiffness. Therefore, in this case, we pursed the design
of a control strategy.

From the perspective of classic control theory, linear controllers can be a suitable first option for a PEA. The
proportional-derivative-integral (PID) scheme has been implemented several times and it is still being employed for
comparisons. An interesting study was produced by authors of [17], where they generated a simulated environment
with a Bouc-Wen (BW) hysteresis model for the PEA and a PID, tuned by optimisation, was applied. The achieved
control parameters were then used in an experimental rig where the outcomes showed a maximum error percentage
of around 5%. Another attractive study was presented by Kaci et al. [18], where they developed a strategy of a PID
tuned through a linear quadratic regulator for a resonant plate actuated by a PEA. Despite that the aim was unrelated
to tracking, authors attained suitable results in terms of vibration control. On the other hand, a similar approach to
vibrations rejection with PEAs was carried by Tang et al. [19], where they used Youla parameterization with a PEA to
reduce fluctuations of a telescope and results showed an enhanced performance of the system. Nevertheless, hysteresis
is a strong nonlinear and undesired effect which limits the operating range with a linear controller [20]. Furthermore,
uncertainties like modelling or external loads are commonly present so that linear strategies are limited in this sense
due to the actuation bandwidth [21].

Among the diversity of non-linear strategies, sliding mode controllers ones are one of the most frequently used
during the last decades due to their robustness [22]. Different combinations were proposed from various authors for
several applications where a PEA had an important role. For example, authors of [23] proposed a conventional sliding
mode controller (SMC) for tracking control of a micro-gripper. Despite that the control signal was neglected in the
analysis, they obtained errors of around 6%. Another example was developed and implemented by Ling et al. [24],
where they used a SMC combined with artificial neural networks (ANN); tests were carried with soft curve references
in which acceptable errors were accomplished. Differently, an approach akin to robust control was developed by Dong
& Tan [25], where they established a composed structure of bounded sub-models; experimental results showed ac-
ceptable positioning errors. Other alternatives to SMC were analysed by Zhang et al. [26] where they implemented
a robust control compensator based on feedback linearization. Outcomes were gathered from simulation and experi-
ments, where they reached a satisfactory accuracy. Nevertheless, most of the robust strategies mentioned have a major
downside in practice related to the chattering; this phenomenon is produced by neglected fast dynamics and with finite
sampling rate digital controllers [27].

On the other hand, fuzzy logic control (FLC) is an easy understanding type of structure because it is expressed
through linguistic rules that can be tuned according to the knowledge of a particular system [28]. Actually, Sabar-
ianand et al. [29] established that advantages of FLC for PEAs are related to its capability to deal with non-linearities,
uncertainties and innacuracy. Also, according to Sobrinho & Junior [30], fuzzy sets have better performance in con-
trast to conventional techniques in embedded systems. For instance, authors of [31] used a fuzzy logic approach for
an atomic force microscope (known to have a bending type PEA) and thus, accuracy is an important objective in
this case. The simulation outcomes revealed high accuracy and fast corrections. In terms of force control, Kang et
al. [32] implemented a FLC in a commercial PEA where they aimed to reduce the hysteresis and they could achieve
a fast convergence a suitable force tracking accuracy. Another interesting study was carried out by authors of [33],
where they produced a simulated environment for a nanopositioning platform controlled by a PEA through an integral
resonant controller based on FLC; results showed improvements up to 1 wm in contrast with a conventional technique.
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Fig. 1. Conventional control architectures where: (a) is PID, (b) is FLC-T1 and (c) is FLC-T2.

Fuzzy sets that can be described based on classical theoretical techniques are also known as type-1 (FLC-T1) [34].
Nevertheless, there are at least four sources of uncertainties associated to the disadvantages of T1: (1) uncertain lin-
guistic rules, (2) disagreement of expertise, (3) noise associated to activation and (4) measurement data [35]. Hence,
this implies that membership functions are not exact as with FLC-T1 because they can be blurred due to these uncer-
tainties [36]. These issues derived the type-2 (FLC-T2) sets which are capable to handle uncertainties and adapt better
when definitions are dubious [37]. As a consequence of these augmented capability mirror uncertainties, FLC-T2 is
known to have more robustness than FLC-T1 [38]. Also, it has been showed that FLC-T2 is able to perform better
than FLC-T1 systems in control related applications [39—42]. In this research, we implemented FLC-T1 and FLC-T2
control structures.

Nevertheless, based on the background research prior to the development of this study, we found that uncompen-
sated feedback controllers have certain issues in PEA tracking control. These are related to the usage limitation of
high gain controllers due to low gain margins of feedback controllers and stability performance [29]. Still, a combina-
tion of feedback-feedforward structures is recommended since it fuses the individual advantages of each framework
to gather a high-performance controller [43]. A feedforward compensation is commonly based on an inverse system
model, which implies that model uncertainties can be reduced provided that the feedback controller is well designed
in combination with a suitable hysteresis model, as in this case. For this reason, in this investigation, we proposed two
novel combinations of feedback-feedforward structures.

Hysteresis models are divided in 2 groups: mathematical and physics based ones. In regards to the latter men-
tioned, it is used for ferromagnetic hysteresis description due the complex solutions and material dependency [44,45].
On the other hand, mathematical models are divided into operator-based (such as Prandtl-Schlinkskii, Preisach
and Kranosel’skii-Pokrovkii [46,47]) and differential equations-based (like Bouc-Wen, Duhem and Backslash [29]).
Despite that these models have certain extensions to deal with asymmetric hysteresis, they introduce two major disad-
vantages: (1) complex numerical solutions which require multi-steps or (2) Runge-Kutta solvers at each time-step and
(3) a higher number of parameters (due to the asymmetry, for example) expands the difficulty to achieve a suitable
equivalent model [48]. Among the analysed options for feedforward compensation and based on our prior research
history [49,50], we found that ANN are characterised by higher precision and easy implementation over mentioned
mathematical models [44]. Hence, we conclude that ANN are a suitable option to be implemented in this study for
feedforward compensation.

Therefore, the main contributions of this article are as follows:

e At first, the performance of conventional FLC-T1 and FLC-T2 were compared against a PID controller, commonly
used for these correlations [51]. Since our goal is to improve the tracking capabilities, we analysed the error and
control signals. An schematic structural diagram of these comparisons is provided in Fig. 1.
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Fig. 2. Proposed control architectures where: (a) is FLC-T1 with neural compensation and (b) is the FLC-T2 with neural compensation.

e Secondly, we propose a novel combination of two feedback-feedforward control structures based on FLC-T1
(Fig. 2(a)) and FLC-T2 strategies (Fig. 2(b)), combined with a time delay neural network (TDNN) to control a
commercial PEA. These were also analysed in terms of error and control signals.

e In contrast to our prior work were we used FLC in a feedback-feedforward structure [52], we concluded that
FLC-T2 was a suitable option to carry with the research and that the employment of ANN could provide better
fitting capabilities for the inverse hysteresis model. Additionally, other background related works [53,10], showed
the capabilities of FLC-T2 in a feedback structure for PEAS but with an analytical inverse for the feed-forward
compensation. Despite that results of these studies showed a suitable performance, we expected to increase the
accuracy with the usage of an ANN trained with real data.

e Procedures and results obtained in this report not only can help to improve the accuracy but also the control effort
in applications where PEAs have an important role as it was mentioned at the beginning of this section.

We organized the structure of this article as follows. Section 2 provides technical details of the hardware used and
description of the commercial PEA hysteresis curve. Section 3 presents explanations about the feedback controllers
(PID, FLC-T1 and FLC-T2), the ANN used as feedforward compensator to be combined and the performance metrics
that will provide numerical conclusions to be highlighted. Section 4 exposes the experimental results with further
discussions of the ANN accuracy, the implementation of the feedback controllers, the combination of the FLC-T1,
FLC-T2 with the ANN and a contrast against a modern controller for PEAs proposed in the scientific community [54].
Finally, we summarize the main features of this research in Section 5.

2. Material and methods

2.1. Commercial piezoelectric actuator details

Experiments were based on a real-time platform which was designed for control tuning to set the best performance.
The PEA that we used is a Thorlabs PK4FYC?2, that is a stack actuator with a linear settlement of piezoelectric layers
made of zirconate titanate (PZT) that are attached with epoxy and glass beads. Since the displacement reading needs
to be accurate enough, a Wheatstone bridge was included by the manufacturer. The PEA is capable to move in a range
of 0-38.5 um through an input of 0-150 V. The manufacturer reported that the hysteresis can induce a maximum error
of 15% in the displacement. For further conciseness, the peripheral hardware link is schematically described in Fig. 3
whereas technical information about these devices is described in our previous study [50]. The real-time experiments
were carried out with a sampling frequency of 1 kHz.
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Fig. 3. Hardware-software flow configuration used in the experiments.
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Fig. 4. Hysteresis of the commercial PEA used in the experiments.

2.2. Hpysteresis description and reference generator

A suitable reflection of a hysteresis graph can be reproduced with triangular and senoidal input signals [55]. Nev-
ertheless, triangular waves are preferred to test a high performance system due to their high frequency harmonics,
sharp slope change and common usage in PEA applications [56]. Since the hysteresis is usually augmented at high
voltages [49], we configured an excitation voltage of 140 V of amplitude and 4 s of period where the outcome is
reflected in Fig. 4.

Previously mentioned graph is the output of 2 triangle waves that were recorded from the beginning of the action
so that the following description can be performed. At the start, the displacement is null and is echoed in the lower
target point (LTP); when the voltage starts to increase, the curve (a) rises until the Upper target point (UTP). Unless
that the PEA is re-calibrated to start from a null displacement, (a) will only appear once. When the voltage achieves
its maximum at the UTP and thus, the PEA reaches also its maximal displacement. The next stage is when the input
voltage decreases through curve (b) until the lower converging point (LCP). If the main features of the input signal
are constant along the experiments, the LCP will be a common point for the following curves. Later, the input signal
begins to increase again its voltage due to the second period and the curve (c) appears and upsurges till the UTP.
Following voltage descents is produced along the curve (d) that is overlapped with (b) and ends in the LCP. Another
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important takeaway from previous detailed description, is that the hysteresis of the commercial PEA that we use is
asymmetric which increases its complexity at the inverse model design.

In regards to the reference, we developed a linear transformation for tracking. The PEA was driven between 0-
150 V, which had to be shifted into a displacement. Based on Fig. 4, a linear equation can be depicted between the
LCP and the UTP through Equation (1) where « is the slope among the two mentioned points and p is the vertical
gap at the LCP.

Displacement[um] =« - Voltage[V]+ p €8
3. Design of control schemes
3.1. Performance metrics

We used three metrics for the numerical judgement of the contrast of the proposed algorithms. The first one is
the integral of the absolute error (IAE) minimization, a common performance control metric for tuning parameter
and optimization that we implemented in the experiments [57,58]. Other metrics used for the analysis were root
mean squared error (RMSE) and the relative root mean squared error (RRMSE), also known to be used in tracking
performance measurement [59,60,56].

N
IAE =Y |ei|T;
i=1

1
N

M=

RMSE = (e;)2 )

1

N N
RRMSE = [ (e)?/ Y (r))x100
i=1 i=1

3.2. Time delay neural network

As we explained in the introduction section, PEA hysteresis models have issues to model the dynamics of a real
PEA. ANN:S is a relatively new tool based on black box concept, which implies that inside structure is unrelated to
physical properties of a system [61]. It was found that this could be a suitable tool to achieve compensation voltage
for the proposed control structure since it was possible to gather experimental data to develop an inverse model.

According to Ma et al. [62], an ANN is a nonlinear model which is produced from several linear inner connections
between neurons with their respective weights and biases. This complex structure has its origins from the nature of
brain neurons which have neuroplasticity, that is a property of these biological structures to recognize, learn and adjust
based on the historical actions [63]. A TDNN has capacity to deal with time series data for identification of dynamical
systems [64]. Additionally, in formerly studies it was found that these types of ANNs are able to deal with hysteresis
compensation problems [49].

A TDNN resides its structure on three nodes based on an ordinary feed-forward ANN as Fig. 5 shows. The dynam-
ics of the input vector X (¢) are gathered through n delayed signals and is then linearly transformed with the weight
matrix Wy with the bias vector by. Later, it is fed into an activation function such as a fansig. The output layer is
supplied with the vector r(#) and again linearly changed with the weight matrix W; and a bias b; and finally, used as
an input in purelin activation function.

r (1) :tansig[z Wj(x(t—n)) +bk):| 3)

=0

Ugnn = purelin|:Wj (r(t)) + bj:| “4)
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Fig. 6. FLC-T1 Membership functions.

Weights and biases can be defined through a training process gathered from experimental data. In this case, we
used MATLAB Deep Learning Toolbox with Bayesian regularization (BR) as it is suggested for data with further
noise [65]. Usually, in ANN training, a main cost function used for convergence is the mean-squared error through
experimental data which is shown in Equation (5), where P is the number of observations, 7; is the target data and U;
is the ANN output (both at the i-th sample).

P
1
Euse =5 2@- - U’ 5)
i=
However, if a training is mainly performed using this cost function, it would resemble in an overfitting. This
happens when the ANN fits with the training data but not with the test portion and thus, this would provide an
unsuitable overall performance. Thence, BR penalizes the Equation (5) with a different cost functions where the

objective is to penalize large weights and aims to generalization. Further technical details can be found in the research
made by the authors of [66-68].

3.3. Fuzzy logic control type 1 and 2

FLC is featured by a fuzzifier, base rules, an inference engine and a defuzzifier where, according to [69]: the
fuzzifier maps the inputs into the fuzzy set through linguistic variables; an inference engine determines the process
in which the fuzzy sets are linked within previous defined base rules (where the designer adds his knowledge about
the system), that is commonly done with rules if-then [70]; a defuzzifier translates the linguistic rules into numerical
values for the output. A FLC-T1 is defined as a set A which is a function based on a universe X into a domain [0,
1], where a membership function of A is defined as ;4 where 0 < u4 <1 [71]. Mathematically, this is expressed as
follows:

A:{(x,,uA(x)) |x€X} (6)

In this case, we used the error and its derivative as inputs which are scaled through factors like K, and Kg,4 into
an interval [—1 1]. Later, the fuzzification process is where 4 membership functions are explicitly defined. In this
case, it comprehends triangular overlapped and normalized membership functions as previously mentioned; these are
shown in Fig. 6.
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Fig. 7. Structure of a fuzzy logic controller type-1.

The inference is where previous membership functions are associated with a set of rules in a clear linguistic term
such as Equation (7). At this stage, the designer has to employ the knowledge about the system in order to achieve a
suitable controller behaviour.

Ry : IfE=Bixand E = By = AU = G,, (7

Therefore, we defined the linguistic rules from Table 1 which were chosen based on the PEA behaviour. When the
error is positive and large, a considerable control signal had to be applied to reduce the value. Whenever the error
reaches a null value, the control signal required to have a gradual change to avoid unnecessary overshoots. When
negative values of error were appreciated, the schedule is symmetrical. We discretized the membership functions in
uniform in terms of negative big (NB), negative medium (NM), negative small (NS), zero (Z), positive small (PS),
positive medium (PM) and positive big (PB); were we defined these values as —1, —0.66, —0.33, 0, 0.33, 0.66
and 1, respectively. Then, we configured the defuzzification mechanism for the crips outputs in constants that were
discretized uniformly in the range of [—1 1]. Finally, an output gain K, augments the value of the control signal for a
suitable performance.

Previous described type-1 (see Fig. 7) lacks of capabilities to handle uncertainties, therefore Zadeh defined the
type-2 sets [72]; this concept was later augmented by Mizomoto and Tanaka [73]. This expansion allows efficacy on
a fuzzy set in which uncertainties are difficult to measure or determine. Based on Castillo et al. [74], a fuzzy set of
type-2 is usually denoted by A but differently to type-1, there is an upper and lower membership function Mg (x)
and 7t 7 (x). This is defined in Equation (8). These limits are associated with a type-2 feature known as footprint of
uncertainty (FOU), that is defined in Equation (9). In other words, the FOU expresses uncertainty in the definition of
type-2 sets membership functions [75-77]; thus, this is an advantage over type-1 sets which require exact values in
their membership function definition. For our case, the FOU is graphically expressed in Fig. 9.

A= {((x,u),l)’VxeX,VueJx c [0, 1]} )

FOU(A) = {(x, )

xeXandue[ﬁA(x),ﬁA(x)]} &)

The mechanism of fuzzification of fuzzy sets type-2 is analogue to type-1, although the linguistic form of the
inference is defined based on the uncertainties linked to the main feature. Therefore, the rules are expressed in the
form of Equation (10). Since the FLC-T2 has a range of uncertainties, the defuzzification process has an extension
known as the type-reduction, which implies the calculation of a centroid. In this case, we used the Karnik-Mendel
which is a common used method in fuzzy sets type-2 where the goal is to seek for crucial points that combine the
upper and lower membership function limits [78]; further features about this tool can be found in the study of the
authors [79]. A schematic resume of the described technique is shown in Fig. 8.

8
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Fig. 8. Structure of a fuzzy logic controller type-2.
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Ry : If E= By and E = Byy = AU =Gy, (10)

3.4. Proportional-derivative-integral controller

PID controllers had been design and implemented in vast applications due to their simple structure to provide
satisfactory results. In this case, it was used the discrete PID controller from MATLAB/Simulink Control System
Toolbox and the expression is the one provided in Equation (11) where T, K, K; and K are, respectively, the
sampling time, proportional, integral and derivative gains [80]. Additionally, it was included a derivative filter to
limit the high frequency gain which parameter is N [81]. Due to the available capabilities provided by Simulink, a
conditional integration antiwind-up strategy was configured as well [82]. Even-though that these parameters can be
tuned with Ziegler-Nichols, Cohen-Coon, frequency response, relay feedback and critical ratio methods, these induce
difficulties to gather the optimal parameters in variable system conditions [83,84]. Instead we used the minimization
of IAE which was formerly explained.

1
Kp+ Kili— +K (11)

d
4. Results and discussion
4.1. Neural network verification

We trained the ANN with recorded data from experiments were we settled a triangular signal input of 140 V with
a period of 4 s and 1 kHz of sampling frequency. Nevertheless, during the ANN configuration, this was reversed
to produce the inverse model so that the output is a compensation voltage. The 70% of the total acquired data was
used for training, 15% for evaluation and the rest was used in testing. As we previously explained, we used a BR for
training and implemented through MATLAB in a Dell Precision3640 configured with 7 cores. The training lasted for
16.5 hours with 3927 iterations.

The outcomes are presented in the Fig. 10 where a 4 s cycle is contrasted with a hysteresis fitting with its approx-
imation error. The first rise that is performed between 0 and 2 s, where the error has fluctuations which are between
40.2 V. In the first slope change (at 2 s), a sharp and expected change appears where the error value switches from
0.25 V to —0.25 V. Along the voltage descent (last 2 s), the error has a negative value in most of the range although
it did not exceed —0.2 V. Also, for this case, we calculated the RMSE which is equal to 0.0964 V and it provides a
reasonable accuracy that can be enhanced with feedback controllers.
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Fig. 11. Error acquired during the test of the feedback controllers.

4.2. Experimental comparison of feedback controllers

Feedback control structures such as PID, FLC-T1 and FLC-T2 were implemented in the dSPACE 1104 platform.
We recorded the error and the control signal which were overlapped for a suitable contrasted comparison. We tuned
the control parameters in real time through the IAE minimization. Additionally, we took into account the limits of the
actuator, so we included saturations limits to avoid damaging the hardware. PID controller gains were established as
10, 1000, 0.001 and 100, respectively, for the K, K;, K4 and N. On the other hand, the FLC-T1 reached an acceptable
performance with K,, Kd and K as 12, 0.0006 and 0.58, respectively. FLC-T2 achieved a suitable behaviour with
K., Kd and Kj, respectively, as 21, 0.0002 and 0.14. The FOU was established as 10% and further details of this are
explained in following section.

The first experiment outcomes are provided in Fig. 11 to analyse the error. In this case, we will show 2 cycles
(or 8 s) in order to interpret the full range behaviour. Therefore, in the first rise (before 2 s), the three controllers
show a similar behaviour at different amplitudes. For instance, both FLC types have a lower value than the PID
but the curvature trend tends to be similar. Nevertheless, this increases differently after the first second in both FLC
controllers and even the FLC-T2 tends to have a better performance that the others since the amplitude lowers its
value.

One of the first critical point is at 2 s which is were the displacement reaches the UTP and the slope changes
its sign. At this moment, the error of the three controllers also changed its sign suddenly due to the sharp variation.
Whereas the PID acts with a lower compensation, both FLC have a faster correction in contrast. Also, the FLC-T2
and FLC-T1 performed similarly in the zoomed window in terms of amplitude and time response.
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Table 2

Metrics comparison for feedback controllers.

Controller IAE RMSE RRMSE
Value Difft. [%] Value [um] Diff. [%] Value [%]

PID 0.5242 - 0.0706 - 0.3367

FLC-T1 0.1912 63.52 0.0278 60.62 0.1327

FLC-T2 0.1672 68.08 0.0252 64.3 0.1201
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Fig. 12. Control signal acquired during the test of the feedback controllers.

After the first slope change, the reference descents where the error tends to show a reciprocated situation, like in
the rise. However, the PID corrected with a higher amplitude difference in comparison to both types of FLC, which
again have a similar demeanour. The PID has a curved correction which lasts 1.5 s until it can reach levels of the FLC,
that is near 3.5 s. Moreover, the PID error compensation has higher amplitude values in contrast to the FLC-T1 and
FLC T-2 due to the peaks that can be shown near 2.7 s and 3.2 s.

Finally at the LCP, the circumstance was fairly different to the one from 2 s since the controllers behaved more
similar. Nonetheless, the PID still reacted worse in terms of amplitude but the correction in time seemed to be faster,
specially after 4 s where the settling time was faster than before (at 2 s). Additionally, the FLC-T2 tended to act better
than FLC-T1 after the change; the amplitude was slight lower where certain peaks averaged the null value.

A further precision analysis was carried with the performance metrics that we calculated in Table 2. We referred
all the values to the PID controller as it showed the lowest effectiveness. The IAE achieved by the PID exhibited
0.5242, which was enhanced by the FLC-T1 with 63.52% and even further by the FLC-T2 with 68.08% of difference.
Additionally, this discrepancy it is also shown in the RMSE with a modest 4% extra for the FLC-T2. Finally, the
RRMSE displays that the both FLC types had near 3 times higher accuracy than the PID.

In regards to the control signal, Fig. 12 displays the generated signal of each control framework implemented in a
feedback mode. As a first appreciation, it can be seen that there is a lack of saturations which can damage the actuator.
Nevertheless, there are certain oscillations which deserve an in-depth analysis: in most of the zoomed windows, we
can see quick variations which belong to the PID controller specially in the range of the LCP (around 4 s) and in the
descent (near 6.7 s). This is an important feature to highlight since it not only can lead to an actuator wear but also
to extra energy consumption. Nevertheless, FLC-T1 and FLC-T2 behaved similarly in the last mentioned points of
interests but with a slight better performance for the FLC-T2 in the rising as it can be seen near 0.5 s at the uprising.

4.3. Experimental comparison of feedback controllers with neural compensation

After the analysis of feedback structures, we implemented and acquired the outcomes of the advanced proposed
controllers. In this case, in order to enhance the proposed algorithms, we made a sweep FOU values in which we
could observe a candidate percentage depending on the minimal IAE achieved. This is resumed in Table 3 were the
values of IAE were calculated in 40 s of experiment. It can be seen that 10% unveiled the minimum IAE, which we
chose for the experiments.

In terms of error tracking, the first feature seen in Fig. 13 is the magnitude order change in the vertical axis
which unquestionably lowered its value in contrast to previous analysis. Where former examination showed a curved
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Table 3
Variation of FOU percentage and the IAE
achieved in each case.

FOU Percentage [%] IAE Value
5 0.3852
10 0.3850
15 0.3863
20 0.3901
30 0.3896
50 0.3922
/) FLC-T1 + ANN|
0.3 /0 I haered ek FLC-T2 + ANN'

T 0.1

Error[p

-0.2 -0.05
-0.3 198 2 202
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Time[s]

Fig. 13. Error acquired during the test of the feedback-feedforward controllers.

Table 4

Metrics comparison for feedback-feedforward controllers.

Controller TIAE RMSE RRMSE
Value Diff. [%] Value [um] Diff. [%] Value [%]

FLC-T1-ANN 0.1039 - 0.0164 - 0.078

FLC-T2-ANN 0.0807 22.32 0.0129 21.34 0.061

variation that changed its sign every 1 s, the current displays a constant variation with less than 0.1 um that oscillates
around the null value. Based on previous subsection, we highlighted the slope changes which are the main critical
points.

At the first slope sign shift at 2 s, both controllers behaved similarly although the FLC-T1-ANN, seems to have
a slightly faster correction. Oppositely, when the slope switches from negative to positive at 4 s, the situation has a
modest change where the FLC-T2-ANN compensates the error. On the other sides, it can be seen that the FLC-T2-
ANN has a suitable performance due to the error amplitude which lower than the alternative option.

In regards to the metrics, Table 4 displays the metrics calculated for the advanced controllers. Although the mag-
nitudes are similar, FLC-T1-ANN showed the lower values in overall and thus it was used as a reference for the
percentage calculation. The FLC-T2-ANN achieved better outcomes since the difference is 21.32% and 21.34% for
the IAE and the RMSE, respectively. On the other hand, the RRMSE shows a meager difference, which is favourable
for the FLC-T2-ANN.

Finally, the control signal of these proposed architectures is shown in Fig. 14. In the previous study, saturations or
sharp changes are unseen but certain points deserve to be highlighted. During the rise in the first 2 s, both controllers
have a similar demeanour which can also be seen during the first change at the UTP. Also, a similar situation is seeing
during the descent that is pointed near 6.7 s. Nevertheless, at the LTP, the FLC-T2-ANN shows a disadvantage because
its signal contains further variations in contrast to the alternative.
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Fig. 14. Control signal acquired during the test of the feedback-feedforward controllers.

Table 5
Obtained mechanical and hysteresis model parameters from
experimental data.

Values Units
Mass (m) 0.431 kg
Damping (d) 1340 N-s/m
Stiffness (k) 0.3863 N/m
piezoelectric coefficient (d) 2.56- 1077 m/V
o 0.5048 -
B 0.0931 -
14 0.0052 -
0.4 . : - : . )
e [N W | FLC-T1 + ANN
8;3 l | FLC-T2 + ANN
= t1) MW — PID+BW

|

Error[p m]

Time[s]

Fig. 15. Error signal acquired during the test of a PID-BW hysteresis model and contrasted with previously proposed feedback-feedforward con-
trollers.

4.4. Experimental comparison of fuzzy logic controllers with neural compensation against a modern approach

In order to show the contribution of the designed advanced controllers, we selected a modern approach which was
then implemented at the experimental platform. Recently, Zhou et al. [54] developed a tracking strategy for PEAs
with further potential applications in aeronautical industry. The controller was designed based on a PID joined with
a feedforward compensation related to a Bouc-Wen model. The constants from the PID were the same as previously
achieved (showed in Section 4.2) through minimization of IAE.

The values related to the Bouc-Wen model were obtained with the same experimental data that was used for the
ANN training. Further explanations of the model and parameter descriptions can be found in the work of Son et
al. [85]. We used Parameter Estimator Toolbox from Simulink and configured it with nonlinear least squared and
Trust-Region-Reflective algorithm. The obtained parameters are outlined in the following Table 5.

The first characteristic that we contrast was the error tracking that is overlapped with FLC-T1-ANN and FLC-
T2-ANN previous results and shown in Fig. 15. Even-though the PID-BW develops a suitable behaviour along the
experiment, remarkable features were meant to be analysed. These are coincident with the reference slope changes at
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Table 6
Metrics comparison for PID-BW with feedback-feedforward controllers.
Controller IAE RMSE RRMSE
Value Diff. [%] Value [um] Diff. [%] Value [%]
PID-BW 0.1187 - 0.0202 - 0.096
FLC-T1-ANN 0.1039 12.46 0.0164 18.81 0.078
FLC-T2-ANN 0.0807 32.01 0.0129 36.13 0.061
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Fig. 16. Control signal acquired during the test of a PID-BW hysteresis model and contrasted with previously proposed feedback-feedforward
controllers.

2 s and 4 s (then periodically repeated). The first slope change at 2 s, which is pointed in the first zoomed window,
shows the PID-BW is unable to correct with a fast response as the other neural fuzzy controllers. Moreover, the value
of error is much higher at the peak which can be seen by the vertical axis, which value reaches around 0.2 um. At the
downstream of 4 s, it can be seen the inverse slope change. Despite that the absolute values of the error are similar,
the PID-BW counterbalances the error slower than the other controllers.

As previously done, the numerical metrics were also calculated and mirrored in Table 6. In this case, the percent-
ages were referred to the PID-BW. We observed relevant differences in the IAE values where the PID-BW gathered
the higher ones. Hence, the percentage difference showed the FLC-T2-ANN had the best relative performance as it
developed around 32% and the FLC-T1-ANN 12.46%. Similar values are shown as well in the RMSE where again,
the FLC-T2-ANN had the best demeanour. As it was expected, the values of RRMSE exhibit the same performance.

We also acquired the control signal from the PID-BW, contrasted in Fig. 16. Relevant points to be analysed are
exposed in the zoomed windows. During constant slope following at climbing and descending, it can be seen that
the PID-BW generated higher chattering than adversaries controllers. On the other hand, the slope changes at 2 and
4 seconds developed important facts to be considered. After the first shift, PID-BW generated a significant transient
response which lasted during few steps. Seconds later, at 4 s, the PID-BW saturates the control signal at 0 V during
some steps.

5. Conclusions

In this article, it was shown that hysteresis is one of the main phenomena that degrades the performance of PEAs
in tracking operations. Thus, we analysed the applicability of different feedback-feedforward control structures based
on fuzzy logic control strategies, known as FLC-T1 and FLC-T2. We reviewed that the advantage of using FLC-T2
over FLC-T1 is the resolution of the uncertainties by means of the membership functions. These controllers were
connected to a trained TDNN in a feedback-feedforward structure which was expected to increase the accuracy of
FLC-T1 and FLC-T2 in a feedback configuration. Therefore, the strategies were: (1) PID, (2) FLC-T1, (3) FLC-T2,
(4) FLC-T1-ANN and (5) FLC-T2-ANN.

The five control schemes were embedded in an experimental test rig which involved a real PEA. The experimental
setup included: a commercial PEA and its peripheral hardware (both provided by Thorlabs) and a dSPACE 1104
platform, which was used for signal generation and acquisition purposes. A triangular signal was chosen as reference,
since this is a complex curve to be followed due to the sharp changes and harmonics.
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Experiments were carried out with FLC-T1, FLC-T2 and PID control schemes. The latter is a was chosen because
is a common approach used for tracking control operations of PEAs. Thus, results showed the superiority of the
FLC controllers against PID algorithm in the accuracy and control signal. Actually, the fuzzy schemes displayed an
improvement over the PID of around 60% at tracking operations.

Additionally, FLC-T1 and FLC-T2 were combined in a feedback-feedforward structure with the TDNN. Exper-
imental results exhibit an evident accuracy enhancement which was reflected in the magnitude order of the error.
Nevertheless, FLC-T2-ANN unveils the best performance due to its capability to cope with the uncertainties. This
was observed in the graph and numerical error analysis which coexisted with a suitable control signal.

Additionally, FLC-T1-ANN and FLC-T2-ANN were compared against a modern control approach gathered from
the scientific community. This controller was a PID with a hysteresis compensation model made with Bouc-Wen the-
ory. Experiments were carried with this strategy. Results in graphs and numerical metrics showed better performance
for the proposed fuzzy neural strategies.

The presented analysis, based on FLC-T2 and FLC-T1 joined with ANN, provided several benefits over con-
ventional algorithms like PID or their feedback structure without the neural compensation. These control schemes
achieved considerable improvements in terms of accuracy, paving the way to high precision applications. In addition,
suitable control signals were generated aimed at reducing the efforts at the PEAs.
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